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ABSTRACT OF THE DISSERTATION 
The Brains of Babies: A Surface Based Approach to Study Cortical Development In 
Term and Preterm Human Infants 
By 
Jason Eric Hill 
Doctor of Philosophy in Biology and Biomedical Sciences 
Neurosciences 
Washington University in St. Louis, 2011 
Professor Jeffrey Neil, Chairperson 
 
Half a million infants are born before term gestation each year in the United States.  
Although advances in newborn medicine have increased survival rates of very preterm 
infants to almost 90%, surviving preterm infants are at increased risk for developing 
lasting neurologic impairments.  In order to develop a plausible neuroprotective strategy 
it is imperative that we improve our understanding of normal cortical development and 
develop tools to evaluate injury.  Using a surface based approach we have characterized 
normal cortical development in healthy term infants and analyzed abnormalities 
associated with preterm birth.  Accurate cortical surface reconstructions for each 
hemisphere of 12 healthy term gestation infants and 12 low-risk preterm infants at term 
equivalent postmenstrual age were generated from structural magnetic resonance imaging 
data using a novel segmentation algorithm.  Data from the 12 term infants were used to 
establish the first population average surface based atlas of human cerebral cortex at term 
gestation.  Comparing this atlas to a previously established atlas of adult cortex revealed 
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that cortical structure in term infants is similar to the adult in many respects, including the 
pattern of individual variability and the presence of statistically significant structural 
asymmetries in lateral temporal cortex, suggesting that that several features of cortical 
shape are minimally reliant on the postnatal environment.  Surprisingly, the pattern of 
postnatal expansion in surface area is strikingly non-uniform; regions of lateral temporal, 
parietal, and frontal cortex expand nearly twice as much as other regions in insular and 
medial occipital cortex.   Differential expansion may point to differential sensitivity of 
cortical circuits to normal or aberrant childhood experiences.  The pattern of human 
postnatal expansion parallels the pattern of evolutionary cortical expansion revealed by 
comparison between the human and the macaque monkey.  Finally, in comparing term 
and preterm infants, region-specific alterations in cortical folding in the preterm 
population were found.  The most striking shape differences were present in the 
orbitofrontal and inferior occipital regions with reductions in folding in the insular, lateral 
temporal, lateral parietal, and lateral frontal cortex.  Overall these findings improve our 
understanding of normal cortical development and help elucidate the potential pathways 
for cortical injury in preterm infants. 
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I.  Introduction 
 
 The human cerebral cortex is among the most complex systems in existence. 
It houses intellect, creativity, memory, and a vast array of other conscious and 
unconscious functions.  The development of this unique entity is equally complex, 
undergoing several stages of molecular, cellular, and macroscopic growth throughout the 
life span.  Recent research indicates that the brain develops differently in the ex utero 
environment than in utero (Counsell et al., 2003; Inder et al., 2005b) possibly helping to 
explain the increased risk for cerebral injury and adverse neurodevelopmental outcome 
faced by preterm infants.  
Preterm birth, defined as birth before 37 weeks gestation, is a major public health 
issue both in this country and abroad.  Approximately half a million infants are born 
before term gestation each year in the United States, with close to 60,000 weighing less 
than three pounds (1360 grams).  Advances in newborn medicine have increased survival 
rates of very preterm infants to almost 90% (Horbar et al., 2002).  Unfortunately, 
surviving preterm infants are at increased risk for developing lasting neurologic 
impairments.  Recent studies have shown that 5% to 15% of infants weighing less than 
1500 grams develop cerebral palsy and 30% to 50% develop neurobehavioral disorders; 
(Inder et al., 2003; Neil and Inder, 2004; Woodward et al., 2006) such as attention-
deficit/hyperactivity disorder (ADHD) (Indredavik et al., 2005), lowered IQ, learning 
disabilities, decreased cognitive functioning (Anderson and Doyle, 2004), anxiety and 
depression (Hack, 2006).  The CDC estimated in 2004 that the lifetime cost of disabilities 
related to preterm birth is more than $10 billion per year.  Although many perinatal 
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factors such as fever, infection, bronchopulmonary dysplasia, intrauterine growth 
retardation, intraventricular hemorrhage, birth weight, and gestational age (Singer et al., 
1997; Geva et al., 2006), as well as various interventions in the neonatal intensive care 
unit (Gressens et al., 2002), are implicated in the adverse outcomes, the neural 
mechanisms for these effects are not well understood.  In order to develop a plausible 
neuroprotective strategy it is imperative that we improve our understanding of normal 
cortical development and develop sensitive tools to evaluate alterations.  
We postulate that preterm infants are at risk of both cerebral injuries and/or 
exposures that disrupt cortical development.  This disruption is manifest as abnormalities 
in cortical folding that are not readily appreciated on conventional imaging studies but 
will be detectable with cortical cartography. 
 
II.  Cellular Development of the Cerebral Cortex 
 
Prenatal Development. 
 
In mammals the neocortex forms along the outer surface of the nascent ventricular 
system and by mid gestation has evolved into a complex laminated structure populated by 
neurons, oligodendrocytes, and astrocytes (Figure 1.1).  Each of these populations has 
begun and many have completed cortical migration and maturation before cortical 
folding has begun.  Accordingly, these cells act as the scaffold upon which cortical 
folding occurs.  
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The neocortex begins its development as a one layer thick pseudostratified 
neuroepithelium attached to the outer surface of the ventricular wall (Rakic, 1982).  This 
layer is known as the ventricular zone (VZ) and is the initial site of neurogenesis.  
Around embryonic day 40 (E40) a second layer of proliferating cells, the subventricular 
zone (SVZ), appears above the VZ.  Together these two layers constitute the 
‘proliferative zone.’   Although the vast majority of coritcal neurons are born in the 
proliferative zone, two other locations exist where a small proportion of neurons are born; 
a population of GABAergic interneurons are born in the lateral and medial ganglionic 
eminence of the basal ganglia (Jimenez et al., 2002) and a very small population (1-3%) 
of neurons are born in the upper layers of the cortex itself (Costa et al., 2007). 
 The neuroprogenitor cells populating the proliferative zone produce cortical 
neurons through two distinct phases of mitosis: symmetric and asymmetric (Rakic, 
1988a).  In symmetric mitosis each progenitor cell gives rise to two multipotent 
progenitor cells that continue dividing.  In asymmetric mitosis each cell divides into two 
unequal offspring. One of these offspring will stay in the proliferative zone and continue 
dividing while the other will differentiate and eventually migrate out of the VZ/SVZ.  
The switch from symmetric to asymmetric mitosis is well regulated and typically occurs 
at E40 (Rakic, 2002). 
These two phases of mitosis have important consequences for the overall shape 
and size of the cortex (Rakic, 1988a, 1995).  According to the radial unit hypothesis 
(Rakic, 2000) the developing cerebral cortex is composed of independent ‘ontogenetic’ 
columns of neurons.  Each neuronal progenitor produced during symmetric mitosis will 
give rise to an independent column and each progenitor produced during asymmetric 
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mitosis will populate that column.   Accordingly, symmetric mitosis has a large impact on 
the eventual surface area of the cortex whereas asymmetric mitosis has a large impact on 
cortical thickness (Rakic, 1995).  This theory is supported by several recent studies in 
mice indicating that additional rounds of symmetric mitosis increases total cortical 
surface area (Chenn and Walsh, 2002, 2003) and altering the number of rounds of 
asymmetric mitosis alters the thickness of the cortex (Tarui et al., 2005). 
The proliferative zone is also populated by a subset of glial cells known as radial 
glia that provide a columnar organization by separating the neuroprogenitors.   The radial 
glia extend long processes from the ventricular surface that radiate out of the proliferative 
zone (Rakic, 1988a).  Neuronal progenitors born during asymmetric mitosis migrate into 
the developing cortex by traveling along these radial processes.  During this migration 
they pass through several other transient layers of the developing cortex (Rakic, 2006): 
the intermediate zone (IZ), supblate (SP), cortical plate (CP), and marginal zone (MZ).  
The IZ is a transient layer destined to become the cerebral white matter (WM) and is 
characterized by a paucity of precursors and post-migratory cells and many radially and 
tangentially migrating cells. The SP is a transient layer characterized by a heterogeneous 
population of migrating neurons and thalamic afferents.  The CP and MZ together are 
destined to become layers I-VI of the mature cortex.  The migrating neurons complete 
their migration by populating the CP and MZ in an inside-out fashion in which the 
earliest cells populate the deeper layers of the nascent cortex while later migrating 
neurons move past the earlier ones to populate the more superficial layers (Bystron et al., 
2008). 
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 The developing neurons migrating out of the proliferative zone migrate in such a 
way that they maintain the same position relative to their neighbors in the CP/MZ that 
they had in the VZ/SVZ.  This is a formidable task given the tortuous path (Rakic, 1988b) 
that these cells take during their migration.  It is postulated that the VZ/SVZ contains a 
prototypic map of the future CP/MZ (Rakic, 1988b) (Rakic, 1991).  The combination of a 
pre-programmed map and the influence of afferent fibers are two important factors that 
determine the cytoarchitectonic fates of developing cortical areas (Rakic, 1988a; O'Leary 
et al., 2007; Lohmann et al., 2008). 
By 25 weeks gestation neuronogenesis, migration, and differentiation are 
essentially complete (Rakic, 1988a) whereas the complex process of synaptogenesis is 
just beginning.  Although the majority of synapse formation occurs after birth there is a 
substantial amount of initial and transient synapse formation that occurs throughout 
development.  Like neuronogenesis, synaptogenesis develops in a stereotyped pattern 
through a number of developmental phases.  The nomenclature and a summary of 
connections made in each phase are listed in Table 1.1.   
 The first fiber systems appear during the early fetal phase between 10 and 14 
weeks post-menstrual age (PMA) (Rados et al., 2006).  Although few synapses are 
forming there is clear growth of the corpus callosum, fornix, internal capsule, and nascent 
thalamocortical (TC) fibers.  The mid-fetal phase (15-20 weeks PMA) is marked by a 
substantial elaboration of the fiber systems that form during the early fetal phase.  These 
fibers intersect with each other near the ventricles forming ‘periventricular crossroads’ 
(Judas et al., 2005).  Many of these fibers grow into and wait in the cortical subplate, 
which first forms during this period.  The late fetal phase (21-23 weeks PMA) is marked 
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by a bilaminar pattern of synaptogenesis wherein TC fibers that had been waiting in the 
subplate begin to synapse both above and below the cortical plate (Kostovic and 
Jovanov-Milosevic, 2006).  Above the cortical plate synapses form in the marginal zone, 
an area destined to become layer I of the cortex.  Below the cortical plate the fibers 
synapse within the superficial extent of the subplate.  These synapses are transient in 
nature, only existing during development and functioning to help guide the development 
of more permanent circuitry that will develop later on (Kostovic and Judas, 2007). 
 The early preterm phase (24 – 32 weeks PMA) is marked by the first synaptic 
connections within the cortical plate (Kostovic and Judas, 2002).  During this period TC 
fibers from frontal, somatosensory, visual, and auditory cortices grow into and synapse 
within the cortical plate.  These fibers represent the first permanent circuitry that will be 
maintained throughout life.  As these fibers arrive additional transient synapses form 
within the subplate.  The arrival of TC afferents into the cortical plate marks the first 
transmisson of peripheral sensory information directly to the developing cortex with a 
subsequent impact on cortical development.  During the preterm period sensory stimuli 
do not affect the number of synapses or their rate of formation, but do have an effect on 
their size, type, and laminar distribution (Bourgeois et al., 1989).   
During the late preterm period (from 33 – 35 weeks PMA) long distance cortico-
cortical and callosal connections begin to form within the cortical plate (Jovanov-
Milosevic et al., 2006), the subplate disappears, and the cortical plate and marginal zone 
merge for the mature formation of the cerebral cortex.  The first short cortico-cortical 
fibers also appear during this period.   
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Astrocytes and oligodendrocytes are the other cells that populate a significant 
proportion of the cerebral cortex.  Each of these cellular populations begins migrating to 
the cortex near the mid-point of gestation.  Astrocytes are formed when radial glia detach 
their feet from the ventricular zone and translocate their cell bodies to the cortex.  Once 
in the cortex these cells mature into astrocytes, undergoing a change in shape from 
bipolar to multipolar cells (Vaccarino et al., 2007).  Oligodendrocytes (OLs) are 
produced within the proliferative zones and, similar to neuronal precursors, migrate out 
of the cortex along radial glial fibers.  Most OLs stop migrating in the intermediate zone 
and subplate, destined to remain in and myelinate the white matter (Jakovcevski and 
Zecevic, 2005).  The remaining OLs continue migrating into the cortical plate 
(Richardson et al., 2006).  Recent evidence from mouse studies indicates that OLs 
destined to populate the cortex migrate there in three different waves (Richardson et al., 
2006).  Beginning at or just before mid gestation the first wave of OLs migrate from the 
subventricular zone of the medial ganglionic eminence.  The second wave begins about 
two-thirds of the way through gestation originating from the lateral ganglionic eminence.  
Finally, the third wave is generated from within the cortex itself after term.  Impressively, 
if any one of these populations is perturbed or ablated the others are able to compensate 
structurally and functionally, thereby maintaining the integrity of the cortex (Costa et al., 
2007).   
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Postnatal Development. 
 
By term gestation the human cerebral cortex has grown from a group of 
proliferative cells along a nascent ventricular surface to a functioning organ populated by 
approximately 100 billion neurons (Kaas, 2008).  By this point nearly every long distance 
cortico-cortical and callosal connection has formed and only the short cortico-cortical 
connections are still developing (Kostovic and Jovanov-Milosevic, 2006).  Despite such 
development the cortex is far from mature and defined by an immature laminar pattern 
and a relatively small number of synaptic connections (Kostovic and Jovanov-Milosevic, 
2006).  A series of postnatal development stages produce the complex motor, sensory, 
and cognitive functions that define the adult brain.  The primary postnatal cellular events 
subtending functional development in humans are synaptogenesis, synaptic pruning, 
dendritic arborization, and myelination. 
Although synaptogenesis begins before birth the majority of synapses develop 
postnatally, establishing and refining the pathways necessary for mature cortical function 
(Kostovic and Jovanov-Milosevic, 2006).  At birth human infants have approximately 
60% of the number of synapses in adults (Watson et al., 2006).  After birth 
synaptogenesis is characterized by an initial overgrowth followed by a later regressive 
phase.  During the overgrowth phase the ‘promiscuous’ and non-selective secretion of 
neurotransmitters results in an overabundance of synapse formation (Haydon and 
Drapeau, 1995).  In humans, synaptic density peaks within the first 18 months at a level 
twice that of the adult (Huttenlocher and Dabholkar, 1997).  The time course of this 
developmental trajectory is regionally variable across the cortex (Casey et al., 2005).  For 
 10 
example, the primary visual cortex reaches peak synaptic density within the first 3-4 
postnatal months whereas the prefrontal cortex does not peak until 15 months 
(Huttenlocher and Dabholkar, 1997).  During the regressive phase half of all synapses are 
eliminated in a process referred to as synaptic pruning.  Pruning is based on neuronal 
activity and likely optimizes the function of cortical circuits by selecting frequently used 
connections (Low and Cheng, 2006).  The time course of pruning occurs over a 
protracted period that extends through childhood and adolescence.  In humans the 
prefrontal cortex does not reach mature synaptic density until at the least 16 years of age 
(Watson et al., 2006).  The processes of synaptogenesis and synaptic pruning are 
reflected in cortical macrostructure.  In particular, cortical thickness initially increases 
after birth, peaks during childhood and early adolescence, and then gradually thins into 
adulthood (Shaw et al., 2008). 
Concurrent with synaptogenesis is the arborization of dendrites and the growth of 
dendritic spines. During development dendrites sprout large arbors dotted with small 
spines that serve as the structural scaffolding for synaptic connections. During prenatal 
development synapses form primarily on axonal cell bodies but after term gestation 
dendritic spines become the main sites of synapse formation (Kostovic and Jovanov-
Milosevic, 2006).  The degree of dendritic arborization is regionally variable with small 
and simple arbors developing in the visual cortex, intermediate arbors in the lateral 
parietal cortex, and complex arbors in the dorsal frontal cortex (Elston et al., 2001; Elston 
and DeFelipe, 2002).  
Equally important for functional development is the myelination of axons by 
oligodendrocytes, a critical component for producing rapid axonal conduction rates.  In 
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humans, although some areas of the cortex are myelinated before birth the majority of 
white matter myelination occurs postnatally.  The developmental time-course of 
myelination is highly stereotyped and has been well described by MRI studies (Girard et 
al., 2007).  The posterior limb of the internal capsule, the optic radiation, and the 
splenium of the corpus callosum are among the first structures to form myelin, which can 
be detected by the fourth postnatal month (Girard et al., 2007).  At six months the genu of 
the corpus callosum and the anterior limb of the internal capsule have myelinated 
(Watson et al., 2006). By the end of the first postnatal year myelin can be detected in the 
white matter of the frontal, parietal, and occipital lobes (Paus et al., 2001).  Overall, half 
of all myelin has developed by the end of the second year of life (Watson et al., 2006).  
Nevertheless, the process of myelination continues to develop into early adulthood and is 
not complete in the prefrontal cortex until at least 20 years of age (Girard et al., 2007). 
 
III. Folding the Cerebral Cortex 
 
The cellular development of the cerebral cortex is accompanied by the 
concomitant development of cortical convolutions. In humans, convolutions begin 
forming in late gestation following a stereotyped time-course (Abe et al., 2003; Dubois et 
al., 2008a).  In particular, most cortical folds first appear during a period of extensive 
folding in the third trimester (Dubois et al., 2008a).  By term birth nearly every fold 
recognizable in the adult can already be identified (Chi et al., 1977).   
The evolutionary advantage of a convoluted cortex is highlighted by the 
relationship between body and brain size.  The increase in body size in mammals has 
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been associated with a concurrent increase in brain size.  The ratio of volume to surface 
area of a sphere is 2/3.  Accordingly, if brains are simply scaling up with evolution the 
ratio of cortical volume to surface area should also be 2/3.  However, an examination of 
this relationship reveals that surface area expands at a proportionally greater rate than 
would be expected for a given increase in volume (Hofman, 1989).  In other words, as the 
brain has increased in size there has been disproportionately greater increase in cortical 
surface area.  It is generally believed that increasing cortical surface area is necessary for 
more complex processing operations (Welker, 1990), and the development of cortical 
convolutions allows for an expanded cortical surface without a similarly large increase in 
skull size.  Although the evolutionary advantage of cortical convolutions is clear, 
currently unknown are the factors and forces that generate a highly convoluted cortex 
characterized by both a remarkable amount of structural consistency within a species 
while still allowing for substantial individual variability. 
 
Potential Mechanisms of Cortical Folding 
 
Throughout the first half of the 20th century several models of cortical folding 
were proposed (Hofman, 1989).  One of the first investigators to examine this question 
was DH Bok in 1929.  Bok catalogued folding in the human brain and suggested a few 
simple models to account the various cell size and shape arrangements subtending 
cortical convolutions.  In 1945 Le Gros Clark posited that intrinsic and extrinsic 
compressive stresses on the cortex during expansion lead to sulcal formation.  He argued 
that factors intrinsic to the cortex cause sulci to form either at the edges or at the center of 
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cytoarchitectonically defined cortical areas.  Although many of these models were 
attractive, recent studies have refuted most of their claims.  For example, extrinsic 
compressive forces such as the skull, ventricular system, or blood vessels do not have a 
strong effect on cortical convolutions (Welker, 1990).  Furthermore, cytoarchitectonic 
areas align variably with cortical folds (Fischl et al., 2008).  More recently, there has 
been a debate as to whether factors intrinsic to the cortex or extrinsic mechanical factors 
are the most important.  This debate is highlighted by three of the most commonly cited 
theories: (i) gyrogenesis, (ii) mechanical buckling, and (iii) tension-based morphogenesis. 
 
(i) Gyrogenesis.  The theory of gyrogenesis postulates that cortical gyrification is 
intrinsic to the cortex (Smart and McSherry, 1986).  According to this theory, cellular 
growth of the cortex is heterogeneous and gyri develop in regions of greater growth 
whereas sulci develop in regions of lesser growth.  Using histological techniques Smart 
and colleagues followed movements of nuclear position in cortical neurons in the 
developing ferret.  Since these nuclei lie along radial fibers they were able to study the 
trajectory of radial fibers by ‘connecting the dots’ of neuronal nuclei.  From the changing 
trajectory of these fibers the researchers inferred tissue growth during development.  In 
general, gyri tended to form in areas of local growth beginning within the cortical 
subplate followed by the above-lying cortical plate.  Alternatively, sulci tended to appear 
in areas where the cortical plate remained immature and growth was slower.  They also 
found tangential spreading of cortical growth at sulcal fundi, which may account for the 
observation that the cortex tends to be thinner at sulcal fundi than in gyral crowns. 
 14 
The theory of gyrogenesis is contested by several lines of evidence.  Gyrogenesis 
hypothesizes that gyrification is the summation of several independent growth processes 
intrinsic to the cortex.  Accordingly, this theory predicts multiphase changes in measures 
of overall cortical convolutedness.  The gyrification index (GI) is one such measure and 
is computed by comparing the surface area of the cortex to that of an unconvoluted ‘hull’ 
of a similar volume.  Contrary to the predictions of gyrogenesis the change of GI 
throughout development is smooth (Armstrong et al., 1995).   Additionally, the theory of 
gyrogenesis provides no role for cortico-cortical or thalamo-cortical connectivity in 
cortical folding despite data indicating that prenatal disturbances to these connections 
dramatically alter folding patterns (Welker, 1990).  The role of intrinsic growth in 
cortical folding predicts that other intrinsic cortical measures, such as fractional 
anisotropy changes of tissues, will correlate with gyrification.  However, no such 
correlations have been detected (Deipolyi et al., 2005).  Gyrogenesis has been criticized 
as merely being morphologic and observational, discounting any mechanical factors that 
may be responsible for the observed changes in radial tissue orientation (Caviness, 1975).  
In fact, mechanical models of cortical folding predict altered cell morphologies of gyri 
and sulci suggesting that differential growth may be a consequence and not a cause of 
folding (Van Essen, 1997).  
(ii).  Theory of Mechanical Buckling.  The theory of buckling was one of the first 
mechanical models of cortical folding proposed (Caviness, 1975).  According to this 
model, if two connected sheets are growing at rates disparate enough to develop 
sufficient stresses the faster growing sheet will buckle.   This theory proposes that the 
different growth rates for the outer (I-III) and inner (IV-VI) layers of the cortex results in 
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buckling and the establishment of cortical folds.  Alternatively, differential growth of the 
cortical plate relative to the underlying sub plate during development may subtend 
buckling (Armstrong et al., 1995). 
This theory was based on several observations in both normally and abnormally 
folded brains.  In a normal brain there is an increase in surface area from the innermost 
layers of the cortex to the outermost.  However, the increase in area of the superficial 
layers is greater than would be expected for concentric spheres.  In other words, the outer 
layers are growing faster than the inner layers, a necessary prerequisite for buckling to 
occur.  In lissencephalic brains, where folds fail to occur, there is a retardation of growth 
of all layers and a lack of differential growth between inner and outer layers.  Conversely, 
in microgyric brains, which have a larger number of smaller gyri than normal, the outer 
cortical layers (II, III) have larger than normal and the inner cortical layers (IV, V) have 
less than normal surface areas.  This theory accurately predicts an increasing rostral-
caudal gradient of cortical folding in rhesus monkeys due to the larger ratio of surface 
area of the outer to inner cortical layers (layers I-III) in the caudal region than in the 
region (Armstrong et al., 1991).  The molecular underpinnings of differential growth 
likely involve differential afferent projections and synaptic connectivity within the two 
layers subtending buckling (Armstrong et al., 1995).  
 The theory of buckling is sharply criticized by Smart as making “no allowance for 
the influence exerted by the inherent radial structure of the growing cortex” and that “this 
approach discounts the principle direction of differential growth and while their treatment 
is mathematically interesting it does not describe what is actually happening in the 
cortex” (Smart and McSherry, 1986).  Furthermore, this theory alone cannot account for 
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the constant position and trajectory of primary and secondary convolutions within and 
across species (Caviness, 1975). 
 
(iii) Tension Based Morphogenesis.  In 1997 David Van Essen proposed a tension-based 
theory of morphogenesis stating that mechanical tension along long-distance cortico-
cortical fibers is the primary driving force for cortical folding (Van Essen, 1997).  In the 
developing cortex the cortical mantle is tethered only to one side, first by radial glia and 
later by afferent connections.  Hydrostatic pressure within the ventricles is postulated to 
provide an outward driving force that opposes the tension generated by axonal 
connections and keeps the cortical sheet wrapped tightly around the ventricular structure.  
Accordingly, gyri form between two regions that have a high degree of cortical 
connectivity whereas sulci form at the border of those regions.  In support of this theory 
are in vitro studies demonstrating that axons exert a high degree of tension when 
stretched and that, in the macaque monkey, long distance cortico-cortical connections are 
established early (Dennerll et al., 1988; Schwartz et al., 1991).  
 This theory predicts a compact wiring in the central nervous system with more 
highly connected areas being connected with shorter and more direct connections.  In 
accord with this prediction, strongly connected regions in the prefrontal cortex of the 
rhesus monkey, as detected by retrograde tracers, are joined by straight connections 
whereas curved trajectories are found between weakly connected areas (Hilgetag and 
Barbas, 2005, 2006).  Furthermore, although some strongly connected regions are joined 
by curved trajectories the connections to any area are, on average, dominated by straight 
connections.  This suggests a mechanism that results in a global minimization of tension 
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forces.  This theory is further supported by evidence that the connectivity between nearby 
areas within a gyrus are significantly denser than between nearby areas separated by a 
sulcus (Scannell, 1997). 
 It has yet to be shown whether axons within the cortex are able to exert sufficient 
tension to engender folding or if hydrostatic pressure within the ventricles is high enough 
to oppose it.  Furthermore, studies in humans indicate that cortico-cortical connections 
become established after folding has begun, although thalamocortical connections occur 
earlier (Kostovic and Jovanov-Milosevic, 2006). 
 
Cortical Connectivity and Folding 
 
 Discerning the correct mechanism of cortical folding is inherently difficult 
because of the large number of concurrent developmental processes.  Accordingly, 
determining whether a particular processes is causative or consequential of folding is 
often elusive.  Nevertheless, a strong role for cortical connectivity in folding can be 
assigned to all three of the theories discussed above.  The theory of gyrogenesis is based 
on differential growth of the subplate and cortical plate in gyri relative to sulci.  In-
growth of afferents and cortical connectivity are the major cellular event occurring in this 
period that may trigger such growth (Kostovic and Jovanov-Milosevic, 2006).  The 
differential growth postulated to be the driving force in the theory of mechanical buckling 
would be, in part, subtended by differential connectivity between superficial and deep 
layers of the developing cortical plate and/or the subplate (Kostovic and Judas, 2002).   
The tension-based theory of morphogenesis directly states that axonal connectivity is the 
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major driving force for cortical folding (Van Essen, 1997).  Accordingly, cortical 
connectivity is likely an important determinant of cortical folding regardless of the 
specific mechanism and damage to developing connections may result in aberrant folding 
patterns. 
 
Clinical Significance of Cortical Folding 
 
 The purported role of cortical connectivity and the stereotyped development of 
cortical convolutions (Chi et al., 1977; Dubois et al., 2008a) suggest that ‘normal’ folding 
is an important aspect of cortical maturation.  This is further supported by the wide range 
of cognitive disorders associated with major and subtle abnormalities in cortical folding 
(Welker, 1990). 
 Global abnormalities of cortical morphology occur when diseases disrupt the 
normal sequence of coticogenesis (Welker, 1990; Pang et al., 2008).  In general, these 
diseases have a genetic basis and are due to major disruptions in particular phases of 
corticogenesis (Table 1.2).  Abnormal neurogenesis leads to diseases such as 
microcephaly, defined by head circumference at least two standard deviations below the 
population mean, and hemimegalencephaly, characterized by overgrowth of one 
hemisphere.  Abnormal neuronal migration results in periventricular or subcortical 
heterotopias and lissencephaly.  In subcortical heterotopia neurons stop migration and 
arrest around the ventricles and other subcortical structures.  In lissencephaly the cortex is 
characterized by the loss of normal gyri and sulci resulting in a smoothly shaped cortex.  
Abnormal neuronal organization results in polymicrogyria, wherein the cortex is 
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characterized by an excessive number of small gyri and shallow sulci, and shizencephaly 
where clefts form between the cortex and ventricle.  Clinically, all of these disorders are 
characterized by mental retardation and epilepsy (Pang et al., 2008). 
 Subtle cortical folding abnormalities are associated with a number of neurological 
diseases (Table 1.3).  Schizophrenic patients have aberrant folding in the posterior 
cingulate cortex (Wheeler and Harper, 2007), bilateral parietal operculum (Csernansky et 
al., 2008), and left pars triangularis of Broca’s area (Wisco et al., 2007).  These regions 
are involved in verbal working memory, language comprehensions, and language output, 
all of which can be affected in schizophrenic patients (Wisco et al., 2007).  Cortical 
folding in the prefrontal lobe is predictive of developing schizophrenia before the onset 
of clinical symptoms (Harris et al., 2007).  Bipolar disorder is associated with a 
significant decrease in folding complexity in the anterior cingulate cortex and 
paracingulate cortex (Fornito et al., 2007).  Children diagnosed with attention deficit 
hyperactivity disorder (ADHD) demonstrate a global reduction in cortical folding that 
cannot be attributed to cortical volume reductions noted to occur with this disorder 
(Wolosin et al., 2009).  Williams syndrome is a neurodevelopmental condition caused by 
chromosomal hemideletion and characterized by a variety of behavioral and cognitive 
abnormalities including impaired visual-spatial, mathematic, and problem solving 
abilities, hyperaffiliative social behavior, and enhanced musical interest.  These patients 
have several dozen folding abnormalities scattered throughout the cortex including 
calcarine, frontal, planum temporale, and orbitofrontal regions.  Many of these are in 
regions with functional significance for the clinical symptoms of the disorder (Van Essen 
et al., 2006).  Similarly, several shape abnormalities have been demonstrated in autistic 
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patients wherein the location and severity of the shape abnormalities are related to the 
severity of the disorder.  In particular, in patients with Aspergers syndrome, a less severe 
subtype of the disease, the degree of folding abnormality was correlated with IQ and 
behavioral scores (Nordahl et al., 2007).  Adults suffering from persistent developmental 
stuttering have an increase in the degree of folding in their right perisylvian cortex with 
the severity of stuttering showing a modest positive correlation to the severity of the 
structural abnormality (Cykowski et al., 2008).  
 
IV.  Cerebral Lesions in the Preterm Infant 
  
Common Neuropathology Associated With Preterm Birth 
 
 The immature cellular development and cerebral vasculature puts the preterm 
brain at a particularly high risk for injury including hemorrhage, ischemia, and tissue 
infarction (Dieni et al., 2004).  Intraventricular hemorrhage (IVH) and periventricular 
leukomalacia (PVL) are among the most common cerebral injuries associated with 
preterm birth (Inder et al., 2005b).  Preterm infants are at risk for IVH because the 
developing germinal matrix, situated near the ventricular surface, receives a rich supply 
of blood flow through immature fragile vessels.  Perinatal factors including 
inflammation, hypotension, and hypoxemia, result in a risk of ischemia followed by 
reperfusion.  The reperfusion can rupture the delicate microvessels resulting in bleeding 
into the ventricular system.  If the hemorrhage is severe enough the ventricle fills with 
blood and becomes distended. The ensuing pressure on the internal vein can obstruct flow 
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from the tissue surrounding the ventricle, resulting in hemorrhagic parenchymal 
infarction (McCrea and Ment, 2008).   
IVH is detected in as many as 25% of all very low birth weight (VLBW) infants 
(McCrea and Ment, 2008).  The classification of IVH typically involves four grades of 
increasing severity: germinal matrix hemorrhage (grade I), intraventricular blood without 
ventricular dilatation (grade II), blood filling the ventricle with ventricular dilatation 
(grade III), and parenchymal involvement with tissue infarction (grade IV).  Clinically, 
increasing grades result in increasing risks of neurodevelopmental injury.  Infants 
suffering a grade 3-4 IVH have a 25% chance of developing cerebral palsy and a 45-85% 
chance of suffering major cognitive handicaps (McCrea and Ment, 2008).   
PVL is a direct white matter injury that occurs in two forms, a focal necrotic form 
with cyst formation and a non-cystic diffuse form.  The pathogenesis of PVL in preterm 
infants is thought to be multifactorial, involving principally ischemia and inflammation.  
For focal PVL, the principle pathological mechanism appears to involve ischemia with 
the regions of white matter supplied by the distal ends of these immature blood vessels 
being particularly susceptible.  For focal PVL, all cellular elements (glia, axons, and 
astrocytes) are lost or diminished, rendering a cystic cavity (Volpe, 2001).  Cystic PVL 
has diminished in its incidence in the preterm infant over the last decade (Hamrick et al., 
2004) presumably related to improvements in perinatal care such as antenatal steroid 
administration and ventilatory care that may improve hemodynamic stability.  The diffuse 
form of PVL is more common and occurs in up to 70% of preterm infants (Back and 
Rivkees, 2004; Inder et al., 2005b).  In contrast to cystic PVL where all cellular elements 
are lost, diffuse PVL appears related to a maturation vulnerability of the immature 
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oligodendrocyte (OL) precursor (Riddle et al., 2006).  Immature OLs have poor 
antioxidant defenses, making them particularly vulnerable to ischemic-reperfusion injury 
with free radical generation.  The death of OLs results in a deficiency of myelin and a 
decrease of white matter volume (Volpe, 2001).  Diffuse PVL is exacerbated by IVH, 
which results in the generation of additional reactive oxygen species (Volpe, 2001).   
 
Studying Cerebral Injury using MRI 
 
 MRI and cranial ultrasound have made the in vivo detection of cerebral injury in 
preterm infants possible.  Although major destructive lesions, such as high grade IVH or 
cystic PVL, are well detected by both modalities (Carson et al., 1990; Inder et al., 1999), 
subtle abnormalities to cerebral structure are better detected by MRI (Inder et al., 2005b).  
The higher sensitivity of MRI coupled with a vast array quantitative techniques has made 
it the tool of choice in studying cerebral injury and altered development in the preterm 
infant (Counsell et al., 2003).   
 MRI imaging during the preterm period can reliably detect a range of 
abnormalities including IVH, extracerebral hemorrhage, cererbellar hemorrhage, 
ventricular dilatation, basal ganglia signal abnormalities, and both focal and diffuse 
signal abnormalities of the cerebral white matter (Dyet et al., 2006).  Gray and white 
matter abnormalities detected as early as the equivalent of term gestation (term-
equivalent) accurately predict neurodevelopmental outcome at 2 years of age (Woodward 
et al., 2006).  For example, white matter abnormalities, assessed qualitatively according 
to signal intensity and homogeneity, periventricular volume, ventricular size, cystic 
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abnormality, and corpus callosum thickness, are significantly correlated to severe 
cognitive and psychomotor delay, cerebral palsy, and neurosensory impairment.  
Abnormalities in gray matter, assessed according to signal intensity and homgeneity, 
gyral maturation, and subarachnoid space size, were associated with cognitive delay, 
psychomotor delay, and cerebral palsy. 
 Recently, quantitative MRI techniques, including measurements of tissue volume, 
voxel based morphometry (VBM), diffusion tensor imaging (DTI), and functional 
magnetic resonance imaging (fMRI) have been used to generate objective and 
reproducible measurements of preterm brain development from birth through adolescence 
that are not possible with cranial ultrasound or conventional MRI techniques (Counsell et 
al., 2003; Inder et al., 2005b).  Reductions in cerebral tissue volumes have been defined 
in preterm infants at term equivalent.  In the studies, preterm infants at term had reduced 
volumes for cortical gray matter, myelinated white matter, and deep nuclear gray matter 
with and increased cerebral spinal fluid (CSF) volumes (Inder et al., 2005b).  Clinically, 
these volume reductions relate to severe neurodevelopmental disability by 1 year of age 
(Inder et al., 2005b).  Importantly, many reductions are region-specific with cortical gray 
and white matter preferentially reduced in the sensorimotor and orbitofrontal regions and 
deep nuclear gray matter reduced in the parietal-occipital regions (Thompson et al., 
2007).  The region-specific structural abnormalities detected in infancy persist into 
childhood and adolescence.  Compared to term born children, preterm children at 8 years 
of age exhibit significantly lower cortical volume in sensorimotor, premotor, and 
midtemporal regions that are associated with reduced full scale, verbal, and performance 
IQ scores (Peterson et al., 2000).  By 12 years some of these volume reductions are 
 24 
accompanied by increased volumes in frontal and parietal gray matter in preterm 
adolescents relative to their term born counterparts (Kesler et al., 2004).  This 
combination of increased and decreased volumes suggests that disorganized cortical 
development in preterm infants is not as simple as volume loss, and other mechanisms, 
such as aberrantly low degrees of synaptic pruning, may be involved (Kesler et al., 2004). 
 DTI and fMRI further aid in understanding the nature and effects of preterm birth 
on the developing brain.  DTI examines the preferred direction of water diffusion within 
cerebral tissues to make inferences about the microstructural environment in those 
tissues.  This modality is more sensitive than conventional MRI for detecting changes in 
gray matter and white matter with development and can be used to quantify 
developmental abnormalities (Neil et al., 2002; Inder et al., 2005a).  At term-equivalent, 
preterm infants have abnormal diffusion values within both the cerebral white matter and 
deep nuclear gray matter (Counsell et al., 2003; Boardman et al., 2006).  At age 12 years, 
preterm children exhibit widespread abnormalities in white matter diffusion 
measurements that are indicative of abnormal fiber tract development and are correlated 
to low IQ scores (Constable et al., 2008).  Function imaging has revealed preterm birth is 
association with the development of a unique system for language processing.   Preterm 
children at age 12 years engage systems for language comprehension significantly less 
strongly than term children.  Conversely, phonologic processing in the preterm 
population engages a completely separate array of neural systems than in their term born 
counterparts (Ment et al., 2006). 
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Alterations in cortical folding in preterm infants 
 
MRI techniques have generated a limited body of evidence that preterm birth is 
associated with abnormalities in cortical folding.  Qualitative assessment of gyral patterns 
by conventional MRI suggests that punctate white matter lesions in preterm infants 
results in decreased complexity of cortical folding (Ramenghi et al., 2007).  Quantitative 
assessment using the whole cortical convolution index (WCCI), a summary measure of 
cortical folding that reflects both the curvature and the depth of cortical convolutions, 
suggests that preterm infants at term equivalent are globally less folded than term born 
infants (Ajayi-Obe et al., 2000).  Preterm children at 8 years of age have a bilateral 
increase in the gyrification index preferentially in the temporal lobe that is associated 
with decreased IQ and reading comprehension (Kesler et al., 2006).  Further, preterm 
adolescents exhibit cortical folding abnormalities in the orbitofrontal cortex (Gimenez et 
al., 2006).   
 
V.  Surface Based Morphometry and Digital Brain Atlases 
 
The evidence outlined above suggests that some preterm infants sustain cerebral 
injuries that disrupt cortical structure.  We postulate that such injuries will be manifest by 
subtle, regional abnormalities in cortical folding that are not readily appreciated on 
conventional imaging studies but will be detectable using surface-based morphometry by 
term equivalent. 
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The techniques used to examine the development of cortical folding have evolved 
vastly over time.  Early studies used gross post-mortem examination of individual brains 
to detail the appearance of distinct convolutions (Chi et al., 1977).  The advent of MRI 
allowed for the in vivo study of convolution development in fetuses and in preterm 
children (van der Knaap et al., 1996; Abe et al., 2003).  As detailed above, such MRI 
techniques have allowed qualitative and quantitative analyses of cortical folding in term 
born and preterm infants, children, and adolescents (Ajayi-Obe et al., 2000; Kesler et al., 
2006; Ramenghi et al., 2007).  Improvements in cortical segmentation of adult MRI 
volumes have allowed accurate cortical surface reconstruction and subsequent surface-
based morphometric studies of cortical folding (Van Essen, 2005).  These surface based 
studies have advantages over similar volume based approaches because they facilitate the 
visualization of the entire cortical sheet, including cortex buried in sulci, in making 
quantitative measures of cortical folding and surface area (Drury et al., 1996; Van Essen 
and Drury, 1997; Van Essen et al., 1998; Fischl et al., 1999a).  Furthermore, they allow 
regional comparisons across individuals using surface-based registration (Fischl et al., 
1999b; Van Essen, 2002, 2004), which achieves more consistent sulcal alignment than 
similar volume-based registration methods by respecting the topology of the cortical 
sheet (Van Essen, 2005; Anticevic et al., 2008).   
The construction of digital brain atlases has become an indispensable tool for 
studying brain structure, development, disease, and for integrating information from 
multiple imaging modalities and across various studies (Toga et al., 2006b; Van Essen 
and Dierker, 2007a).  Recently, adult cortical structure was extensively studied using a 
Population-Average, Landmark-and-Surface (PALS) based approach to generate a 
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surface atlas of normal cortical structure in a population of 12 healthy adults (the PALS-
B12 atlas) (Van Essen, 2005).  A population-averaged atlas is desirable in order to 
capture the variety of cortical patterns and to ensure that any one individual does not bias 
subsequent analyses (Toga et al., 2006b).  The PALS-B12 atlas was used to quantitatively 
describe regional shape characteristics of the adult population, including population 
averages and inter-individual variability for sulcal depth and cortical curvature, and to 
detect the presence of structural hemispheric asymmetries.  This atlas also served as a 
control against which to evaluate cortical folding abnormalities associated with Williams 
syndrome (Van Essen et al., 2006), autism (Nordahl et al., 2007), and schizophrenia 
(Csernansky et al., 2008). 
To date, surface-based morphometry has not been extensively applied to human 
infants.  One major hindrance to using a surface-based approach in the infant has been the 
lack of robust, semi-automated cortical segmentation algorithms, a necessary prerequisite 
for surface reconstruction, that work reliably on the MRI data acquired from newborn 
infants (Batchelor et al., 2002).  Currently available segmentation algorithms that work 
on adult brain MR images fail to achieve success on newborn MR images due to 
differences in shape, cortical thickness, and tissue contrast.  In what is currently one of 
the only surface-based studies of human neonates, Huppi and collaborators examined the 
temporal appearance of cortical folds and measured their curvature in preterm infants 
from 25-35 weeks PMA, confirming the stereotyped development of cortical folds during 
the third trimester (Dubois et al., 2008a).  Currently lacking are thorough and quantitative 
descriptions of cortical structure at term, evaluation of postnatal changes in cortical 
structure, and examination of the effects of preterm birth on cortical folding.  In this 
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thesis we detail the construction of the first population-average surface atlas of cortical 
structure at term gestation and use it to describe cortical shape characteristics at term, 
examine postnatal cortical development, and investigate the effects of preterm birth on 
cortical folding. 
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Figures & Tables 
 
 
 
Figure 1.1.  Schematic illustration of the developing layers of the human cerebral cortex at approximately 
25 weeks post-menstrual age.  The top of the figure represents the pial surface and the bottom represents 
the ventricular surface. 
 
 
TC, thalamocortical; CC, cortico-cortical. 
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Chapter 2 
Novel Method Implementation and 
Testing for Surface Based Analyses of 
Cortical Folding 
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To quantitatively characterize the cerebral cortex in human infants we have developed 
several novel methodological techniques.  In the following we discuss the development 
and testing of three important techniques that are utilized in the following chapters: (I) 
infant cortical segmentation; (II) measures of global cortical curvature; (III) regional 
statistical analyses. 
 
I.  Infant Cortical Segmentation 
 
A major hindrance to using a surface-based approach in the human infant has 
been the lack of robust, semi-automated cortical segmentation algorithms that work 
reliably on MRI data acquired from newborn infants (Batchelor et al., 2002).  Currently 
available segmentation algorithms that work on adult brain MRI data fail to achieve 
success on newborn images due to differences in shape, cortical thickness, and tissue 
contrast.  In the following we discuss the development of a novel semi-automated method 
that reliably generates a mid-cortical segmentation volume from human infant MRI 
volumes. 
Complexities of Infant Segmentation  
 
Several difficulties of cortical segmentation in the human infant are apparent from 
examination of the MRI data.  Figure 2.1A shows a T2-weighted MRI image of the right 
hemisphere in the coronal plane (1x1x1 mm resolution) for a human term infant.  This 
volume shows clear intensity distinctions for gray matter (dark), white matter 
(intermediate), and CSF (bright), suggesting that it may be possible to segment tissue 
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classes by simple intensity thresholding.  However, the histogram of voxel intensities for 
this MRI volume (Fig. 2.1B) highlights the challenges of basing segmentation solely on 
intensity.  This plot shows clear but overlapping profiles for gray matter, white matter, 
and cerebral spinal fluid (CSF), indicating that voxel intensity is related to but not 
deterministic of tissue class.  We can better understand the cause of overlapping 
intensities by closer inspection of the MRI volume.  Figure 2.1C shows an expanded view 
of the region identified by the red box in Figure 2.1A, which identifies two white matter 
(‘1’ and ‘2’) and two non-white matter (‘3’ and ‘4’) voxels.  Despite lying in separate 
tissue classes, all four voxels have similar (intermediate) intensity owing to the partial 
contributions (partial volume averaging) of gray matter and CSF in voxels ‘3’ and ‘4’.   
To generate an appropriate segmentation volume, additional factors must be incorporated 
alongside volume intensity information. 
Typically, three options exist for identifying a boundary for cerebral cortical 
segmentation volumes: white matter, pial, and mid-cortical.   White matter segmentation 
volumes halt at the boundary between gray and white matter; pial segmentations halt at 
the gray matter/cerebral spinal fluid (CSF) boundary; mid-cortical segmentations halt 
midway through the cortical gray matter (cortical layer IV).  Although all three accurately 
capture cortical shape, the mid-cortical segmentation has the advantage that each square 
millimeter of surface area represents approximately the same cortical volume irrespective 
of gyral or sulcal location (Van Essen, 2005), whereas cortical reconstructions generated 
from white matter segmentation volumes tend to over-estimate sulcal and under-estimate 
gyral curvature with the opposite being true for pial segmentation volumes.  Generating a 
mid-cortical segmentation volume in infants is complicated by the thinness (relative to 
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image spatial resolution) of the cortical gray matter, which typically includes only one 
clear gray matter voxel bounded by one voxel overlapping with white matter voxel and 
one voxel overlapping with CSF (Fig. 2.1C). 
 
The LIGASE Method 
 
We have designed a novel semi-automated Local Intensity And Seed Expansion 
(LIGASE) segmentation method that reliably generates mid-cortical segmentation 
volumes from human infant MRI volumes.  This method includes three main stages: (i) 
seed-growing, (ii) neighbor-adjustment, and (iii) dilation and manual patching.  Stages (i) 
and (ii) run in MATLAB and have been optimized for the relative tissue contrast of T2-
weighted images, although alternative versions exist for other contrast types.  Code for 
these stages is provided in the Appendix. Stage (iii) runs in Caret software 
(http://brainvis.wustl.edu, (Van Essen et al., 2001a).  Key steps in the process are 
illustrated in Figure 2.2. 
The first two stages rely on assigning each voxel initial ‘likelihood’ values for 
three tissue types: white matter, gray matter, and cerebral spinal fluid (CSF).  We have 
assumed that each tissue profile in the voxel intensity histogram (Fig. 2.1B) has an 
asymmetric Gaussian distribution of intensities.  Accordingly, the likelihood that a voxel 
belongs to a particular tissue class is related to both the voxel’s intensity and the width of 
the profile.  Assigning the likelihood value for each tissue type relies on user estimates 
for the peak intensity and the width of each profile.  Because each profile is asymmetric 
around its peak, two separates estimates of the width are made, one for the low-intensity 
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and one for the high-intensity side.  Specifically, for each profile the user estimates the 
intensity at 10% of the peak on each side of the distribution.  The likelihood value for 
each tissue type T is calculated according to equation (1):  
L
T
(v) = 0.9e
C (v!µT )
2
/(wT !µT )
2
(1) 
where LT(v) is the likelihood value, v is the voxel intensity, µ is the estimated profile 
peak for T, w is the estimated intensity at 10% of the peak for T on either the low (if v < 
µ) or high (if v ≥ µ) intensity side, and C is a constant noted in equation (2): 
C = ln(0.1 / 0.9)  (2) 
The value of C was derived by an a priori decision to designate voxel intensities at the 
profile peak (v=µ) with a likelihood of 0.9 and values at 10% of the peak (v=w) with a 
likelihood of 0.1, which empirically gave reasonable results. 
 
 (i) Seed Growing Stage.  The seed growing stage generates an initial white matter 
segmentation volume from a user-specified seed voxel placed within white matter.  The 
algorithm iteratively adds adjoining voxels to the segmentation if they are categorized to 
be in the white matter and halts at the estimated gray/white boundary.  Due to the 
contiguousness of white matter within one hemisphere, the specific choice of the seed 
voxel is not critical so long as it is within the white matter.  In practice, the voxel location 
is typically in the centrum semiovale, an expanse of white matter on an axial slice above 
the lateral ventricle and below sulcal fundi (Fig. 2.2A, black circle). 
Starting at the seed voxel, voxels are iteratively tested for inclusion only if they 
are adjacent (i.e. one of 26 neighbors in 3 dimensions) to a previously segmented voxel.  
 36 
Figure 2.3 schematically describes the algorithm of the seed-growing stage.  Each 
iteration consists of evaluating a single voxel, the test-voxel, which lies adjacent to a 
previously segmented voxel, the reference-voxel, for inclusion in the segmentation 
volume.  The test-voxel values are assigned a white matter likelihood value (equation 1, 
above), a pairwise difference (intensity difference between the test-voxel and the 
reference-voxel segmented) and a gradient value (magnitude of a vector whose 
components are the difference in intensity between adjacent face neighbors of the test-
voxel along each axis). The gradient and pairwise difference values function as boundary 
detectors between tissue classes; high values of the gradient signify the test-voxel may be 
on the edge of a tissue class and high values for the pairwise difference signify the test-
voxel may be in a different tissue class than the reference-voxel.  The white matter 
likelihood value is used to define permissible ranges (difference from zero) for the 
pairwise difference and gradient values.  The higher the white matter likelihood the larger 
the permissible range for the pairwise difference and gradient.  Voxels whose pairwise 
difference and gradient values are within the permissible range are included in the 
segmentation volume and all adjacent neighbors of the test-voxel are tested in subsequent 
iterations. The segmentation volume is complete once no additional test-voxels are added 
to the segmentation. 
One limitation of the seed growing stage is the difficulty in estimating the width 
of the white matter profile from the image intensity histogram due to the overlap with the 
gray matter and CSF profiles.  Initial testing revealed that width estimates differing by 5-
10 intensity units (out of a total image intensity range of 255) had a modest impact on the 
initial segmentation volume. To facilitate selection of near optimal estimates, the user 
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supplies a range of width estimates spanning the low- and high-intensity sides of the 
white matter profile.  Typically a range of 30 units on the low- and 10 on the high-
intensity side defines the input.   This input range is reduced to a set of evenly spaced 
values: mn for the low-intensity estimate and mx values for the high-intensity estimates.  
The spacing of values is an adjustable parameter that is set to 5 as a default.  For each 
possible pairing of low- and high-intensity estimates an independent segmentation 
volume is generated giving a total of mn*mx segmentation volumes. 
Figure 2.4 illustrates the effect of different width estimates for the low-intensity 
side of the white matter histogram on the initial segmentation volume.  The top panel 
(Fig. 2.4A) shows a histogram of voxel intensities from a term infant MRI and identifies 
an estimate of the white matter peak (green arrow), one estimate of the white matter 
width on the high-intensity side (blue arrow), and several estimates of the white matter 
width on the low-intensity side (black arrows).  The estimates of the white matter width 
are labeled with letters (B-E) that correspond to the segmentation volumes generated 
during the seed-growing stage in the bottom panels (Fig 2.4 B-E).  For example, the 
segmentation volume in Figure 2.4B was generated using the value marked by the ‘B’ 
arrow in Figure 2.4A as the width estimate on the low-intensity side (along with the 
indicated estimates for the peak and width on the high-intensity side).  As the estimates of 
the white matter width get closer to the peak, increasingly conservative segmentation 
volumes are generated.  The volume shown in Figure 2.4B is too liberal and includes 
several gray matter and CSF voxels, whereas the volume shown in Figure 2.4E is too 
conservative and does not include a substantial portion of white matter voxels.  The other 
two volumes (Fig. 2.4C, D) are the most accurate, although small errors still exist in each.  
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For example, the black circle in Figure 2.4C identifies a region where gray matter voxels 
were included in the segmentation and the yellow circle in Figure 2.4D identifies a region 
where white matter voxels were not included in the segmentation.  Overall, this suggests 
that although some estimates of the white matter width are clearly better than others, a 
single estimate is rarely optimal for all slices in a volume. 
To generate the most accurate initial segmentation volume we have created a 
graphical user interface (GUI) that runs in MATLAB and allows the user to evaluate 
and/or regionally combine all mn*mx segmentation volumes.  Figure 2.5 illustrates the 
controls on the LIGASE GUI, which allow the user to choose the MRI slice (Fig. 2.5C), 
the orientation of the MRI volume (Fig. 2.5F), display a segmentation volume 
corresponding to a particular combination of width estimates on the low-intensity (Fig. 
2.5B) and high-intensity (Fig 2.5A) side of the white matter peak, toggle the 
segmentation volume on and off (Fig. 2.5E), and regionally combine different 
segmentation volumes (Fig. 2.5D, G, H) using the region of interest selection tool (Fig. 
2.5, blue arrow) that allows the user to graphically decide what parts of each 
segmentation volume to include in the output from the seed growing stage. 
 
 (ii) Neighbor Adjustment Stage.  Figure 2.2B illustrates a typical output from the seed-
growing stage and identifies two common types of errors in the initial segmentation 
volume.  The black circles identify white matter voxels that were not included in the 
initial segmentation owing to the sensitivity of the gradient and pairwise difference 
measures to signal inhomogeneity in the white matter and partial volume effects at the 
gray/white border.  The yellow circle identifies CSF voxels that were included in the 
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segmentation due to the thinness of the gray matter and the partial volume averaging 
effects at the gray/CSF boundary.  The neighbor adjustment stage improves upon these 
errors by capitalizing on the spatial arrangement of white matter, gray matter, and CSF.   
 The neighbor adjustment stage improves upon these errors by assigning each 
voxel initial white matter, gray matter, and CSF likelihood values (equation 1, above) and 
iteratively adjusting the white matter likelihood of each voxel based on the likelihood 
values of its adjacent neighbors.  If a voxel was included in the initial segmentation from 
the seed-growing stage it is automatically assigned a high white matter likelihood value 
(typically 0.85), otherwise its white matter likelihood is calculated from intensity as 
described above.  During each iteration, a voxel’s white matter likelihood is increased for 
each adjacent voxel with high white matter likelihood and decreased for each adjacent 
voxel with high gray matter or CSF likelihood.  Once a steady state is reached all voxels 
with a white matter probability exceeding a predetermined threshold (typically 0.85) are 
included in the segmentation.  
 
(iii) Dilation and Manual Patching. The segmentation volume from LIGASE is loaded 
into the software package Caret and dilated by one voxel (1 mm) in all dimensions to 
achieve a boundary that approximates the cortical mid-thickness (cortical layer 4, Fig. 
2.2D).  Infant cortex is approximately 2 mm thick in most regions (Bayer and Altman, 
2003); at a resolution of 1x1x1 mm the infant cortex typically includes one clear gray 
matter voxel bounded by one voxel overlapping with white matter and one voxel 
overlapping with CSF.  The dilation places the boundary of the segmentation at the outer 
edge of the clear gray matter voxel  
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In general each hemisphere contains some segmentation errors that require 
manual editing using the volume editing tools in Caret (Fig. 2.2D, black circle).  This is 
especially common in medial temporal regions where the transition to hippocampal 
cortex and amygdala is often difficult to determine with an automated algorithm.  The 
fundus of the parahippocampal sulcus and the anterior extent of the hippocampus are 
delineated with the aid of a photographic atlas of neonatal neuroanatomy (Bayer and 
Altman, 2003).  Figure 2.2E shows an example of a final segmentation volume.  Notice 
that the non-cortical medial wall has been manually delineated and smoothed.  Although 
not strictly necessary, this is often done to assist in identifying medial wall landmarks for 
the registration process (described below).  Based on our experience, other existing semi-
automated segmentation methods (Weisenfeld et al., 2006; Xue et al., 2007; Weisenfeld 
and Warfield, 2009) require a similar amount of manual editing to achieve the same 
accuracy on term infant volumes. 
An important strength of the LIGASE method is that it works effectively on infant 
MRI volumes throughout the third trimester.  Figure 2.6 shows right hemisphere coronal 
T2-weighted MRI volumes (top) and the final LIGASE segmentation volume (bottom) of 
human infants at various gestational ages.  For each gestational age the LIGASE method 
accurately identifies the mid-cortical boundary. 
 
II. Evaluating Measures of Global Curvature 
 
 Studying cortical folding in normal development or in association with disease or 
injury requires assessing ‘how folded’ the cortex is.  Qualitative studies generally give a 
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score based on visual inspection of MRI volumes that takes into account depth/height, 
width, branching complexity, location, and density of sulci and gyri (van der Knaap et al., 
1996; Childs et al., 2001; Ramenghi et al., 2007).  In contrast, surface based approaches 
allow in vivo quantitative estimates of cortical folding.  One subset of quantitative 
measures is based upon estimates of global curvature that are dependent on cortical 
surface area.  (Van Essen and Drury, 1997; Ajayi-Obe et al., 2000; Batchelor et al., 
2002).  This dependence is particularly undesirable for studying cortical folding in early 
development when brain size can be highly variable across gestational ages and between 
clinically distinct populations.  Recently, a series of surface-area independent measures 
of global curvature were proposed to study cortical folding in infants (Rodriguez-
Carranza et al., 2008).  To date these measures have not been systematically tested and 
compared.  In the following we perform initial assessments of several proposed surface 
area independent global curvature measures using cortical surface reconstructions of 
human infants. 
 
Global Curvature Measures 
 
 Curvature is a well-defined mathematical property that quantifies the amount a 
surface deviates from being flat.  Figure 2.7 illustrates the concept of curvature.  In the 2-
dimensional case, (Fig. 2.7A) the curvature of a point P on a curve C is the inverse of the 
radius of the osculating circle at P (largest circle that touches curve C only at point P).  
As the curve becomes narrower the osculating circle becomes smaller and the curvature 
greater.  For a 3-dimensional object the concept is more complicated (Fig. 2.7B).  For a 
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point P on a surface there is a unique tangent plane, a unique normal vector (N), and an 
infinite number of normal planes that lie along the normal vector.  The intersection of 
each normal plane and the surface is a 2-dimensional curve (Fig. 2.7B, dotted red line).  
The curvature of that curve at point P can be computed as described above (Fig. 2.7A).  
Therefore, there are an infinite number of curvature values, one for each normal plane 
representing the point P.  Since dealing with an infinite number of curvature values is 
rather cumbersome, two special curvature values, the principal curvatures, have been 
defined.  The two principal curvatures for surface point P are the maximum and 
minimum of all curvature values at P and denoted k1 and k2, respectively.  Surface 
curvature is positive if the tangent plane does not intersect the surface and negative if it 
does.  For example, a sphere has positive and a hyperboloid has negative curvature at 
every point.  Several additional values can be derived at each point on a surface from the 
principal curvature.  These derived values are listed in Table 2.1 and form the basis for 
several of the global curvature measures we have evaluated. 
 Table 2.2 lists the measures of global curvature we tested in this study 
(Rodriguez-Carranza et al., 2008).  These measures fall into several broad categories 
according to the derived curvature values they are based on.  The top four measures, 
intrinsic curvature index (ICI), negative intrinsic curvature index (NICI), Gaussian L2 
norm (GLN), and absolute intrinsic curvature index (AICI), are based on the Gaussian 
curvature (K); the next four measures, mean curvature index (MCI), negative mean 
curvature index (NMCI), mean L2 norm (MLN), and absolute mean curvature index 
(AMCI), are based on the mean curvature (H); the following three measures, folding 
index (FI), curvedness index (CI), and shape index (SI), are based on a particular 
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combination of principal curvatures (fi, ci, fi); the area fraction values, area fraction of 
intrinsic curvature index (FICI), area fraction of negative intrinsic curvature index 
(FnICI), area fraction of mean curvature index (FMCI), and area fraction of negative 
mean curvature index (FNMCI), are based on the proportion of total surface area where 
the Gaussian or mean curvature is either positive or negative; the last two measures 
(SH2SH and SK2SK) are ratios of other global curvature measures. 
 
Tests of Global Curvature 
 
 Each global curvature measure listed in Table 2.2 was computed on right 
hemisphere mid-cortical surface reconstructions (excluding the non-cortical medial wall) 
for several preterm, preterm at term, and term born human infants.  The details for 
surface reconstruction and clinical characteristics of the term and preterm at term infants 
are described in Chapters 3 and 5 respectively.  Four tests were conducted to evaluate the 
global curvature measures: (i) inter-age, (ii) intra-age, (iii) preterm at term, and (iv) 
registration. 
 (i) Inter-age test.  Global folding measures were computed for 4 infants at each of 
the following post-menstrual ages: <27, 30-31, 34-35, and 38-39 weeks.  For each age 
group, the mean and standard deviation of each measure was computed.  
 (ii) Intra-age test.  Global folding measures were computed for native-mesh 
(before surface-based registration) right hemisphere surface reconstruction of 5 healthy 
term infants. 
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 (iii) Preterm at term test.  Global folding measures were computed for native 
mesh surface reconstructions of 12 healthy term born infants and 12 preterm infants at the 
equivalent of term gestation.  For each population the mean and standard deviation of 
each measure was computed.  Each measure was tested for significant difference between 
each population by a two-sample t-test.  
(iv) Registration test.  The 12 term and 12 preterm at term infant surface 
reconstructions in (iii) were registered to the PALS-term12 atlas using surface based 
registration (see Chapters 3 and 5 for details).  The mean and standard deviations for each 
global curvature measure was recomputed in the atlas space and the differences between 
each population were tested for statistical significance as in (iii). 
 
Evaluation of Results 
 
Table 2.3 lists raw values of each tested measure of global curvature for a single 
term infant (term infant C, Fig. 2.9).  Each of these values has an absolute value less than 
1 and all values are positive with the exception of NICI and NMCI.  As these values 
differ by up to 2 orders of magnitude we have used normalized values for the remaining 
analyses to facilitate comparisons across measures. 
 
Inter-age evaluation.  Figure 2.8 shows lateral (top) and medial (bottom) views of 
cortical surface reconstructions for four infants at various gestational ages.  It is clear by 
visual inspection that the complexity of cortical convolutions increases with gestational 
age.  Table 2.4 shows how each global curvature measure is affected by these differences 
 45 
in complexity.  The columns listing values for relative global curvature give the average 
and standard deviation of four infants from a particular gestational age for each measure.  
For each measure, entries have been normalized to the 38-39 week (term) infant mean.  
For example, the ICI value for the 27-week infants is on average 31% of the value of the 
term infants with a standard deviation of 2%.   
These values have been organized into 5 general groups based on the range of 
their relative values.  Group 1 measures have the largest range and tend to increase by 20-
30% for successive gestational ages.  Group 2 measures have an intermediate range and 
tend to increase by 15-20% for successive age groups.  Group 3 measures have a small 
range and tend to increase by 10% or less for successive age groups.  Group 4 measures 
have small ranges, decreasing in value for successive age groups with differences that 
tend to become smaller with increasing gestational age.  Importantly, the measures in 
groups 3 and 4 tend to have the smallest difference in value between the 34-35 week and 
38-39 week infants.  The measures in group 5 make large jumps in value (GLN) or 
inconsistently scale with gestational age (SK2SK).   
The last column (function) notes the primary derived value that the global folding 
measure uses as the basis of its value.  Although most measures based on Gaussian 
curvature (K) fall within group 1, values based on mean curvature (H) or area fraction 
values are dispersed across different groups. 
 
Intra-age evaluation. Figure 2.9 shows lateral (top) and medial (bottom) views of cortical 
surface reconstructions for five healthy term infants.  Visual inspection identifies several 
regions where term infant A is distinctly less convoluted (Fig. 2.9 red arrows) whereas 
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large differences between the other infants are less obvious.  Table 2.5 evaluates how 
each measure rates the relative complexity of convolutions for these five term infants. 
This table is organized into the same five groups noted above for the inter-age 
comparison.  For each measure, the columns listing relative folding measures express the 
value of that curvature measure as a percentage of the infant with the greatest value.  For 
example, the ICI value for term infant A was 89% as large as the value for term infant B.  
The last column (order) lists how each measure ranked the relative value of cortical 
folding for each infant from lowest to highest.  
There are a total of 120 possible ways to order five objects, which means each 
measure could potentially give a unique order of complexity.  Out of the 17 measures 
there were 11 different orders (including measures that did not give a clear order for all 
five term infants).  In general the measures in groups 1 and 2 behaved similarly.  Most 
measures in these two groups ranged in value from 9-13%, although some measures had 
larger (FI) and smaller (FNMCI) ranges.  In addition, all measures in groups 1 and 2 
ranked term infants A and D as the least convoluted and most ranked infants B and E as 
the most, with several measures giving the same order.  Qualitative examination of the 
folding complexity in the lateral temporal lobe is consistent with this ranking; the sulci in 
the lateral temporal cortex in infants A and D are less complexly branched than those in 
infants B and E.  The measures in groups 3 and 4 had smaller overall ranges than the 
measures in groups 1 and 2 and in several cases gave values that differed by less than 1% 
between infants.  Both measures in group 5 ranked term infant D as a clear outlier, which 
is inconsistent with visual inspection.  Overall this analysis suggests that measures in 
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groups 1 and 2 are more sensitive to the small complexity differences in this population 
than the measures in groups 3 and 4. 
 
Preterm at term evaluation.  Figure 2.10 shows lateral (top) and medial (bottom) views of 
right hemisphere cortical surface reconstructions for two term born infants (left) and two 
preterm infants at the equivalent of term (right).  Previous studies provide reason to 
suspect differences in cortical folding between these two populations (see Chapter 5).  
The left side of Table 2.6 shows how each global curvature measure compares a 
population of 12 term and 12 preterm at term infants in their native-mesh configurations 
(not registered to an atlas target, see Chapters 3-5).  This table is organized into the same 
five groups noted above for the inter-age comparison.  For each measure the mean and 
standard deviations have been normalized to the value for the term infant.  The p-values 
for the comparison of term and preterm infants are listed and statistically significant 
values (p < 0.05 before rounding) are noted in bold.   
 Overall, the measures within each group behave similarly.  All measures in group 
1 are on average 4-6% different in value between groups and all differences are 
significant.  The measures in group 2 are on average 2-3% different between groups.  
Two of these differences are significant and two are not, although the non-significant 
values are trending toward significance.  Only one measure (FMCI) in groups 3 and 4 
detected a significant difference between groups.  The measures in group 5 both detect 
statistically significant differences between groups. 
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Registration Evaluation.  The right side of Table 2.6 shows the effects of surface-based 
registration on the measures of global curvature.  For each measure the mean and 
standard deviations for the population of 12 term and 12 preterm at term infants after 
registration to the PALS-term12 atlas (see Chapters 3, 5) are given.  For each measure, 
these values have been normalized to the value of the mean native mesh term infant.  For 
example, the mean ICI value for term infants in atlas space is 5% greater than the mean 
native space value.  The p-values for the comparison of each population are listed and 
statistically significant values are noted in bold.  The last two columns indicate the 
percentage increase or decrease in the mean atlas space value relative to the native mesh 
value for each population.  
 Overall, there was a large effect of surface based registration on each measure.  
Importantly, the effect was non-uniform for each population, which tended to have a 
normalizing effect resulting in a loss of a statistically significant difference between 
populations for most measures.  The measures affected the least by registration were 
FNMCI and FMCI. 
 
Discussion and Recommendations 
 
 We have carried out a preliminary analysis of several surface-area independent 
measures of global curvature (Rodriguez-Carranza et al., 2008).  Overall, the 17 measures 
tested could be organized into 5 groups that behaved similarly on several evaluations of 
cortical folding.  These groupings are poorly predicted by the derived measures (Table 
2.1) that form the basis for each global curvature measure. 
 49 
 In general, measures in groups 1 and 2 perform better on initial evaluation than 
the other groups.  These measures appropriately track the large complexity changes that 
occur with increasing gestational age and maintain sensitivity to changes at several levels 
of cortical complexity.  They also show more concordance than other measures in 
assessing relative complexity when the differences are subtle and detect differences in 
complexity between two clinically distinct population in accord with previous 
observations (see Chapter 5).  In contrast, the measures in groups 3 and 4 tend to become 
less sensitive to differences in cortical complexity as complexity increases.  The 
measures in group 5 do not behave in a manner that is consistent with visual inspection.  
Accordingly, we recommend against using measures in groups 3-5 for assessing cortical 
folding in human infants. 
 Although all measures in groups 1 and 2 performed similarly, the variable 
performance of measures within each group suggests that cortical folding affects each 
measure in subtly distinct ways.  It is important to understand the aspects of surface 
curvature that each measure is most sensitive to before using them to draw biologically 
relevant conclusions. Simulated data may be best suited for further evaluation of these 
measures due to the high complexity of cortical convolutions in humans.  It would be 
particularly informative to evaluate the specific effect that simulated surfaces with well-
defined types of surface curvature have on each measure. 
 Surface-based registration had a large and non-uniform affect on all measures.  
The resampling that occurs during registration results in modest smoothing, reducing 
surface area by approximately 5% in infants near term (see Chapter 3).  However, as 
these measures are proposed to be surface-area-independent this should have a small 
 50 
impact on the measure.  The non-uniformity is particularly puzzling as all surfaces were 
registered to the same target atlas using the same algorithm.  Based on these non-uniform 
changes we recommend against using any of these measures after surface-based 
registration. 
 
III.  Surface Based Statistical Analyses 
 
Surface-based registration establishes node-to-node correspondences between 
cortical surface reconstructions (Fischl et al., 1999b; Van Essen, 2002, 2004), which 
make regional quantitative analyses of cortical structure possible.  Critical to these 
analyses is the implementation of adequate strategies to detect significant regional 
differences between groups.  Toward this end we have developed and implemented a 
surface-based equivalent of the threshold free cluster enhancement (TFCE) method 
described for volumetric data (Smith and Nichols, 2009).  In the following we discuss the 
motivation and specifics for this test within the broader context of alternative and 
previously used surface-based statistical analyses.  This discussion assumes node-to-node 
correspondences across subjects have been generated through surface registration.  The 
establishment of such correspondences is detailed in the following chapters. 
 
Statistics on Surfaces 
 
  In general, significance testing on surface nodes proceeds by three main steps: (1) 
identify test groups (e.g. adults and infants) and a quantitative metric (e.g. sulcal depth) 
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for evaluation; (2) compute a test-statistic at each surface node (statistical map) from the 
distribution of metric values for each group; (3) determine a threshold for the test-statistic 
to be considered significant.  Although the first two steps are relatively straightforward, a 
number of potential strategies have been proposed to determine the significance 
threshold.  We discuss the strengths and weaknesses of several of these strategies below. 
 An appropriate strategy for determining a significance threshold must account for 
the complications caused by evaluating a large number of surface nodes.  For example, 
the cortical surfaces used in the following analyses are typically composed of 73,730 
surface nodes.  At an α level of 0.05 it is expected that 5% of the surface nodes, or more 
than 3,500 nodes, will reach statistical significance by chance.  In the language of 
statistics, this is the issue of multiple comparisons.  Controlling for false positives (type I 
error) with multiple comparisons generally involves one of two forms: weak control and 
strong control (Friston et al., 1996).  Tests that are controlled in the weak sense lack 
localizing power; they can only report a significant difference exists somewhere on the 
surface.  Conversely, tests that are controlled in the strong sense can identify the location 
of significance down to the voxel level.  As cortical location is highly relevant for 
biological issues, we desire a test that is strongly controlled for multiple comparisons. 
  
Parametric Statistical Tests 
 
 Traditionally, statistical significance is determined using parametric testing, 
which utilizes standardized tables (such as a t-table) to determine a significance 
threshold.  These tables are constructed by formally assuming the probability distribution 
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of the test statistic conforms to certain parameters (thus the term ‘parametric’).  
Parametric tests have high statistical power and are relatively easy to compute but are 
limited to assessing test-statistics with a distribution that conforms to the specific 
assumptions.  Accordingly, these tests are not considered robust. 
 The simplest strategy used to strongly control for multiple comparisons in 
parametric testing is the Bonferroni correction, wherein voxel level p-values are corrected 
for the total number of voxels.  However, this method is often exceedingly conservative 
and/or inappropriate in biological contexts due to the effects of physiologic 
autocorrelations (Friston et al., 1996).  Accordingly, less conservative methods that use 
data pertaining to the smoothness of the statistical map to control for multiple 
comparisons have been proposed (Friston et al., 1991; Friston et al., 1996).  These 
alternative approaches are often limited by the low number of subjects, noise in statistic 
images, and considerations related to pooled variance (Holmes et al., 1996).  
 
Nonparametric Statistical Tests 
 
 The various limitations associated with parametric statistical tests led to the 
development of nonparametric tests (Holmes et al., 1996; Nichols and Holmes, 2002).  
Nonparametric tests do not rely on the formal distribution assumptions of parametric tests 
and instead ‘build’ the statistical distributions they are based on through permutation 
methods.  Accordingly, these tests are not limited to test-statistics with distributions that 
meet the parametric assumptions.  As an example, consider the sulcal depth at a single 
node in two groups of subjects: group A and group B.  According to the null hypothesis, 
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the two groups do not have different means and, therefore, randomly exchanging the 
labels of each individual subject (group A or group B) will have an arbitrary impact on 
the test-statistic.  The null hypothesis can be tested by comparing the test-statistic for the 
‘correct’ labeling of subjects to the distribution of test statistics that may occur by chance.  
This distribution is generated by randomly permuting group membership thousands of 
times and calculating the test-statistic for each permutation.  Because the significance 
level (α) for any test defines the likelihood that a particular result occurred by chance, the 
threshold for statistical significance is the value at the (100-100*α)th percentile of the 
constructed distribution.  For example, at an α of 0.05 the threshold for significance is the 
value of the test-statistic at the 95th percentile of the constructed distribution.  If the test-
statistic corresponding to the non-permuted labeling is greater than this threshold, 
significance at that α level is achieved.  Importantly, permutation testing also reduces the 
likelihood of false positives from noise in the registration algorithm.  For example, 
consider a misregistered voxels in group A that resulted in an artificially inflated test-
statistic for the non-permuted case.  In contrast to a parametric test, this misregistration 
will also alter the constructed distribution by affecting the test-statistic in each 
permutation, thereby minimizing the effect of the misregistration. 
 Nonparametric permutation methods also provide an intuitive way to control for 
multiple comparisons (Nichols and Holmes, 2002).   The single node example above did 
not need additional correction for multiple comparisons because a single test-statistic was 
computed for each permutation.  By way of analogy, when testing all nodes on the 
surface we can control for multiple comparisons by considering an appropriate summary 
statistic for all nodes during each permutation.  The appropriate summary statistic must 
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be exchangeable under the omnibus null hypothesis.  A summary statistic that meets 
these criteria is the maximum test-statistic of all surface nodes.  Accordingly, the issue of 
multiple comparisons can be accounted for by using the distribution of maximum test-
statistics for each permutation to determine statistical significance.  This strategy results 
in strong control over type I error (Holmes et al., 1996). 
In general, there are two strategies for nonparametric permutation tests that are 
strongly corrected for multiple comparisons: single threshold and suprathreshold tests 
(Nichols and Holmes, 2002).  Figure 2.11 schematically illustrates the strategy for 
determining the threshold for statistical significance in the single threshold (Fig. 2.11A) 
and suprathrehsold (Fig. 2.11B) tests.  In the single threshold test, statistical significance 
can be localized down to the individual node level (node-level inference).  In a 
suprathreshold test, the significance threshold considers spatial extent of the test-statistic.  
Spatial extent is a relevant consideration because biologically significant differences will 
be much more expansive than a single node.  For this strategy, the test-statistic map is 
generated for each permutation as in the single threshold test.  A primary threshold is 
then applied to the test-statistic map and the sizes of resulting clusters (interconnected 
suprathreshold nodes) are calculated.  A distribution of maximum cluster sizes for each 
permutation is constructed and used to determine the cluster size threshold for statistical 
significance.  Clusters larger than this threshold in the non-permuted map (after primary 
thresholding) are considered statistically significant. 
 Suprathreshold cluster tests have been used to study abnormalities of cortical 
folding associated with disease (Van Essen et al., 2006; Nordahl et al., 2007; Csernansky 
et al., 2008).  These tests are advantageous in biological studies because they have more 
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statistical power than single threshold tests (Friston et al., 1996) and include 
considerations of spatial extent.  However, they are unable to localize to a finer resolution 
than the size of the cluster and rely on semi-arbitrarily choosing a primary cluster-
forming threshold.  This second limitation has important effects on surface based 
analyses.  In general, choosing a high primary threshold identifies clusters with small 
spatial extent (focal signals) at the expense of those with larger extent (diffuse signals).  
Currently, no strong objective criteria exist to influence the choice of a cluster-forming 
threshold (Smith and Nichols, 2009).  The threshold free cluster enhancement method 
improves upon this limitation. 
 
Threshold Free Cluster Enhancement 
 
We have implemented a surface-based equivalent of the threshold free cluster 
enhancement (TFCE) method originally described for volumetric data by Smith and 
Nichols (2009).   This method maintains the benefits of non-parametric suprathreshold 
testing while removing the limitation of semi-arbitrarily choosing a cluster-forming 
threshold.  Figure 2.11C schematically illustrates how the threshold for statistical 
significance is determined in the TFCE method.  Critical to this approach is the 
application of the TFCE transformation, which increases the test-statistic value at each 
surface node to the extent that the node is part of a large contiguous cluster according to 
the following equation:  
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TFCE(p) = e(h, p)
E
h
H
dh
h0
hf
!
 (1) 
where h is the threshold applied to the t-map; e(h, p) is the extent of the cluster 
(suprathreshold contiguous nodes of the same sign) at threshold h containing the node p; 
and E and H are parameters defining the weight given to signal extent and intensity 
respectively. Although E=0.5 and H=2.0 are appropriate for volumetric analysis, we used 
E=1.0 and H=2.0, which are more appropriate for surface-based analysis (Thomas 
Nichols, personal communication).  The bounds of the integral, h0 and hf, are typically 
chosen to be 0 and the maximum t-value across all nodes respectively.  The resulting 
value is denoted the TFCE-statistic. 
Figure 2.12 conceptually illustrates the TFCE transform for a 1-dimensional 
curve.  In this illustration the black circles represent a series of connected nodes and the 
height of each node represents the value of the raw test-statistic.  To calculate the TFCE-
statistic for node 3 (Fig. 2.12A) a rectangle is constructed for each surface node in the 
‘supporting section’ for node 3.  In this example nodes 1-5 are part of the supporting 
section for node 3.  The TFCE-statistic is calculated by summing the area of each 
rectangle in the supporting section.  Accordingly, as the supporting section (cluster size) 
of a node increases the TFCE-score increases.  Notice that in calculating the TFCE-
statistic the height of each rectangle has been limited so that the height never increases 
moving away from examined node.  If this limitation was not applied all supporting 
sections would contribute equally to each node resulting in an equivalent TFCE-statistic 
for all nodes within a particular supporting section.  The rationale for this particular 
limitation on rectangle height can be understood by examining the calculation of the 
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TFCE-statistic at node 1 (Fig. 2.12B).  For node 1, only a proportion of the maximum 
area for nodes 3 and 4 are used to calculate the TFCE-statistic, resulting in a lower value.  
This is appropriate because, via the suprathreshold cluster test, node 1 would only be 
included in a cluster with (i.e. would be supported by) nodes 3 and 4 if the primary 
threshold were below the test-statistic value at node 2, the local minimum between them.  
In other words, the limitation to rectangle height accounts for the effects of all possible 
choices of a primary threshold in the suprathreshold cluster test.  
According to the above discussion, the TFCE-transform can be implemented as 
part of a non-parametric test that controls strongly for multiple comparisons.  We have 
implemented such a test to analyze cortical structure in infants and adults according to the 
following general set of steps: (a) assign group membership to each data set (i.e. infant or 
adult); (b) generate a test-statistic map; (b) randomly permute group membership at least 
1000 times; (c) calculate a test-statistic map for each permutation; (d) apply the TFCE 
transform to the non-permuted and each permuted test-statistic map; (e) generate a 
distribution of the maximum TFCE-statistic value for each permutation; (f) set the TFCE-
statistic value corresponding to the (100-100*α)th percentile of the TFCE maximum 
value distribution as the threshold for statistical significance on the non-permuted test-
statistic map.   
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Figures & Tables 
 
 
Figure 2.1.  Segmentation difficulties in neonatal MRI data.  (A) Coronal slice of a T2-weighted MRI 
volume of a human term infant (1x1x1 mm resolution).  The red box indicates the location of the close-up 
in (C).  (B) Histogram of voxel intensities for the volume shown in (A).  Voxel values have been scaled to a 
range of 0 to 255.  The histogram shows clear peaks but overlapping profiles for gray matter, white matter, 
and CSF voxels.   (C) Close-up of the MRI slice indicated by the red box in (A).  Voxels labeled ‘1’ and ‘2’ 
are white matter voxels and voxels labeled ‘3’ and ‘4’ are non-white matter. . GM, gray matter profile; 
WM, white matter profile; CSF, cerebral spinal fluid profile. 
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Figure 2.2.  Key steps in the LIGASE segmentation method.  Segmentation volumes are shown in red 
and overlaid on a right hemisphere T2-weighted coronal MRI slice of a term infant.  (A) Location of the 
user-specified seed voxel (black circle) for the seed-growing stage.  (B) Initial white matter segmentation 
output from the seed growing stage.  White matter voxels not included (black circles) and CSF voxels that 
were included (yellow circle) are identified.  (C) Revised white matter segmentation output from the 
neighbor adjustment stage.  (D) Mid-cortical segmentation volume achieved by 1-voxel dilation of the 
output volume from the neighbor adjustment stage.  The black circle identifies a region where the dilation 
caused two gyri to join.  (E) Final segmentation output after manual patching.  The non-cortical medial wall 
from the fundus of the parahippocampal sulcus inferiorly to the callosal sulcus superiorly has been 
manually delineated and smoothed. 
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Figure 2.3.   Schematic outline of the algorithm for the seed-growing stage of the LIGASE method.  For 
each iteration a single voxel is tested.  For this test voxel three values are calculated: a pairwise difference, 
white matter probability, and a gradient.  The white matter probability defines permissible ranges for the 
pairwise difference and gradient values.  The values of the pairwise difference and gradient are compared 
to the permissible ranges to determine if the test voxel is to be included in the segmentation algorithm.  If 
the voxel is to be included all 26 of its adjacent neighbors are tested for segmentation.  WM, white matter. 
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Figure 2.4.  Effects of different width estimates for the low-intensity side of the white matter histogram on 
the initial segmentation volume.  (A) Histogram of voxel intensities for the volume in Figure 2.1A.  The 
green and blue arrows indicate estimates for the white matter peak and profile width on the high intensity 
side respectively.  These estimates were used to generate the segmentation volumes in the bottom panels.  
The black arrows indicate 4 separate estimates for the white matter profile width on the low intensity side.  
Letters correspond to the segmentation volumes in the remaining panels.  (B) Segmentation generated using 
the estimate denoted ‘B’ on the histogram. (C) Segmentation generated using the estimate denoted ‘C’ on 
the histogram. (D) Segmentation generated using the estimate denoted ‘D’ on the histogram. (E) 
Segmentation generated using the estimate denoted ‘E’ on the histogram.   
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Figure 2.5.  Controls in the LIGASE GUI.  At the top is the viewing window displaying an example 
segmentation volume (red) overlaid on an anatomical volume in the horizontal (axial) plane.  (A) Control 
used to select segmentation volumes corresponding to difference width estimates on the high intensity side 
of the white matter profile.  (B) Control used to select segmentation volumes corresponding to difference 
width estimates on the low intensity side of the white matter profile.  (C) Control used to select anatomy 
and segmentation viewing slice.  (D) Button used to activate the masking tool for regionally selecting parts 
of the segmentation volume for final output.  The blue arrow identifies the masking tool in the image 
window. (E) Control used to toggle the segmentation volume on and off.  (F) Control used to select the 
orientation of the display volume (coronal, axial, sagittal) in the viewing window.  (G) Tool used indicate 
the number of slices in the segmentation volume having slice number less than the current slice to include 
when using the masking tool. (H) Tool used indicate the number of slices in the segmentation volume 
having slice number greater than the current slice to include when using the masking tool. 
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Figure 2.6.  Example segmentation volumes for several gestational ages.  Across the top are right 
hemisphere coronal slices of T2-weighted segmentation volumes for human infants at the indicated 
gestational ages.  Below are the final segmentation volumes generated using the LIGASE method overlaid 
on the anatomical volumes. 
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Figure 2.7.  Measuring curvature. (A) Example of measuring curvature at a point P on a 2-dimensional 
line.  The curvature of point P is determined by the radius of the osculating circle at P.  (B) Example of 
measuring curvature at point P on a 3-dimensional surface.  Curvature at point P is defined by intersecting 
the surface with the normal plane at P.   
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Table 2.2.  Proposed surface area invariant measures of global curvature.  Definitions of derived measures 
are noted in Table 2.1.  A, Total cortical surface area (excluding non-cortical medial wall)  
 67 
 
Table 2.3.  Example values of the measures of global curvature for a human term infant.  Abbreviates are 
defined in Table 2.2. 
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Figure 2.8.  Surface reconstrucions used in inter-age evlauation.  Fiducial surface reconstructions shown in 
lateral (top) and medial (bottom) views for preterm and term human infants at the indicated gestational 
ages.  The non-cortical medial wall is blackened out.  Surface reconstructions are not shown to scale. 
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Figure 2.9.  Surface reconstructions used in the intra-age evaluation.  Fiducial surface reconstructions for 5 
term born human infants shown in lateral (top) and medial (bottom) views.  Red arrows indicate regions 
where term infant A is noticeably less convoluted than the other infants in the cohort. 
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Figure 2.10.  Example surface reconstructions used in the preterm at term and registration evaluations.  
Lateral (top) and medial (bottom) views of fiducial surface reconstructions of two term (left) and two 
preterm at term-equivalent (right) infants. The non-cortical medial wall is blackened out. 
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Figure 2.11.  Schematic illustration for determining the threshold for statistical significance by three 
different non-parametric tests that control strongly for multiple comparisons.  (A) Algorithm for the single 
threshold test.  (B) Algorithm for the Suprathreshold (cluster) test. (C) Algorithm for the TFCE test.  TFCE, 
threshold free cluster enhancement. 
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Figure 2.12.  Schematic illustrating the calculation of the TFCE-statistic at difference surface nodes.  (A) 
Illustration of calculating the TFCE-statistic at node 3.  (B) Illustration of calculating the TFCE-statistic at 
node 1. 
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Chapter 3 
A surface-based analysis of hemispheric 
asymmetries and folding of cerebral cortex 
in term-born human infants 
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Abstract 
We have established a population average surface based atlas of human cerebral cortex at 
term gestation and used it to compare infant and adult cortical shape characteristics. 
Accurate cortical surface reconstructions for each hemisphere of 12 healthy term 
gestation infants were generated from structural magnetic resonance imaging data using a 
novel segmentation algorithm.  Each surface was inflated, flattened, mapped to a standard 
spherical configuration, and registered to a target atlas sphere that reflected shape 
characteristics of all 24 contributing hemispheres using landmark constrained surface 
registration. Population average maps of sulcal depth, depth variability, 3-dimensional 
positional variability, and hemispheric depth asymmetry were generated and compared to 
previously established maps of adult cortex.  We found that cortical structure in term 
infants is similar to the adult in many respects, including the pattern of individual 
variability and the presence of statistically significant structural asymmetries in lateral 
temporal cortex, including the planum temporale and superior temporal sulcus.  These 
results indicate that several features of cortical shape are minimally influenced by the 
postnatal environment. 
 
Introduction 
The adult human cerebral cortex is highly convoluted, variable in shape across 
regions and across individuals, and asymmetric in both structure and function (Sperry, 
1984; Ono et al., 1990; Gazzaniga, 2005; Van Essen, 2005).  The formation of cortical 
convolutions is an important aspect of normal cerebral development (Welker, 1990).  
This is highlighted by the association of subtle folding abnormalities with a range of 
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cognitive disorders including schizophrenia (Wisco et al., 2007; Csernansky et al., 2008), 
bipolar disorder (Fornito et al., 2007), attention deficit hyperactivity disorder (Wolosin et 
al., 2009), persistent developmental stuttering (Cykowski et al., 2008), Williams 
syndrome (Van Essen et al., 2006), and autism (Nordahl et al., 2007).   
Cortical convolutions emerge in late gestation, with extensive folding occurring 
during the third trimester (Abe et al., 2003; Dubois et al., 2008a).  At term birth, although 
the brain is only one-third of adult volume (Thompson et al., 2007; Lebel et al., 2008), 
the major sulci and gyri present in the adult brain are already established (Chi et al., 
1977).  Given the extensive cortical folding within the infant brain, it is of interest to 
determine whether the features of regional variability and/or asymmetry that characterize 
the adult cortex are already present at term.  Understanding the relationship between 
cortical folding in infants and adults is important for establishing a baseline for normal 
cortical maturation and is clinically relevant to understanding what characteristics of 
cortical maturation may be selectively vulnerable to injury at different prenatal and 
postnatal ages. 
Structural asymmetries are well documented in adults and children (Toga and 
Thompson, 2003), and several sulci appear earlier in the right hemisphere during 
gestation (Dubois et al., 2008a).  Whether asymmetries are present at term remains 
unclear.  Such information would aid in understanding the origins and developmental 
trajectory of hemispheric asymmetries, which may reflect asymmetries in gene 
expression during development (Sun et al., 2005), prenatal environmental exposures 
(Kieler et al., 2001), and/or postnatal environmental influences (Keenan et al., 2001).  
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 In the present study we generated the first surface-based atlas of human cortical structure 
at term gestation from a population of 12 healthy term born human infants and used it to 
compare the term cortex to an existing atlas of adult human cortex (Van Essen, 2005).  
Digital brain atlases have become indispensable tools for studying brain structure, 
development, and disease, as well as for integrating information from multiple imaging 
modalities and across various studies (Toga et al., 2006b; Van Essen and Dierker, 
2007b).  The term infant atlas was generated using the Population-Average, Landmark-
and-Surface (PALS) approach to atlas construction (Van Essen, 2005) and is denoted the 
PALS-term12 atlas. A population-average atlas is desirable in order to capture the variety 
of cortical patterns and to ensure that any one individual does not bias subsequent 
analyses (Toga et al., 2006b).  Using the PALS-term12 atlas data set we characterized 
several features of cortical folding at term, including the pattern of individual variability 
and the presence of structural asymmetries. This atlas dataset is freely available via the 
SumsDB database for visualization and cross-study comparisons.  
 
Methods 
Infant Recruitment.  Twelve term born infants (6 male, 6 female, mean gestational age 39 
weeks) from uncomplicated pregnancies were recruited from St Louis Children’s 
Hospital.  Institutional review boards approved all procedures and parents or legal 
guardians provided informed written consent for the study.  All mothers resided in the 
greater St Louis area, were at least 15 years old, and had no history of major medical or 
psychiatric illness, maternal medication treatment or maternal substance abuse history 
during the pregnancy.  Inclusion criteria for the infants included gestation >36 weeks, 
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prenatal care (>5 visits), 5-minute APGAR score >8, no admission to a neonatal or 
special care nursing unit, and no known risk for neurological abnormality (no cerebral 
abnormality on antenatal ultrasound, no concerns for any chromosomal abnormality or 
congenital or acquired infection, and no neonatal encephalopathy). 
 
MRI Scanning.  Enrolled infants were transported and imaged within the first week of life 
by certified staff members.  An infant-size papoose bag (Contour Fabrications, Inc., CFI 
Medical Solutions, Fenton, MI) was used to support the infant.  Sedation was not used.  
Images were collected using a turbo spin echo (TSE) T2-weighted sequence (TR/TE 
8500/160 ms, voxel size 1 cubic mm, ETL 17) on a Siemens 3T Trio located in St Louis 
Children’s Hospital.  Images were automatically transferred to a clinical DICOM receiver 
and read by a certified pediatric neuroradiologist and neonatalogist (study investigator 
T.I.)  at St Louis Children’s Hospital.  Any image set with significant movement artifact 
or imaging abnormality was excluded from the analysis. 
 
Preprocessing.  DICOM files were converted into Analyze format image files using in-
house software.  Each brain was aligned to the anterior commissure-posterior commissure 
(AC-PC) orientation and origin by rigid body translation and rotation using Caret 
software (http://brainvis.wustl.edu, (Van Essen et al., 2001a).  Brain dimensions were not 
scaled prior to segmentation because inter-subject and regional intra-subject size 
variability is of interest.  Each brain was cropped along the midline for separate 
processing of left and right hemispheres. 
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Segmentation.  Segmentation was carried using a semi-automated Local Intensity And 
Seed Expansion (LIGASE) method that included three main stages: (i) seed-growing, (ii) 
neighbor-refinement, and (iii) dilation and manual patching (see Chapter 2).  A single 
trained individual with expertise in term infant neuroanatomy carried out all 
segmentation and editing, thereby avoiding issues of inter-rater variability.  Figure 3.1 
illustrates the fidelity of the LIGASE algorithm in capturing the shape of the cerebral 
cortex in two term born individuals.  
 
Surface Reconstructions.  A ‘raw’ surface was generated by a tessellation running along 
the boundary of the segmentation volume.  The tessellation process gives each individual 
surface a distinct number of surface nodes, which we call the ‘native-mesh’ 
representation for that individual.  The raw surface was smoothed slightly to generate a 
‘fiducial’ surface that best represents the 3D shape of the cortical mid-thickness (Fig. 
3.2C).  A closed contour along the boundary of the cortex with the corpus callosum, basal 
forebrain, and the fundus of the parahippocampal fissure was manually delineated in 
Caret.  Surface nodes enclosed by this contour were designated as the non-cortical 
‘medial wall’ and smoothed extensively so that its surface area was independent of 
irregularities in the original segmentation (Fig. 3.4, bottom panel, left half).  An inflated 
configuration was generated by applying 300 iterations of inflation to the fiducial surface 
(Figs. 3.2E, F).  A flat map, which assisted in landmark tracing, and a spherical surface 
used for registration, (Fig. 3.3B) were also generated for each surface (Van Essen, 2005).  
The spherical surface was scaled so that its surface area was equal to that of the fiducial 
surface after medial wall smoothing.  Multi-resolution morphing algorithms were used to 
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reduce areal and angular distortions on spherical and flat maps (Drury et al., 1996).  
Spherical and flat maps were aligned to a standard orientation using the ventral tip of the 
central sulcus and the orientation of the central sulcus to define an axis (Van Essen, 
2005). 
 
Local Measures of Cortical Shape.  Sulcal depth and cortical folding maps were 
generated for each surface by calculating these measures at each surface node (Van 
Essen, 2005) (Figs. 3.2E, F).   Cortical folding (Fig 3.2E) was computed as the mean of 
the two principal curvatures associated with each surface node (Van Essen and Drury, 
1997).  To calculate sulcal depth a cerebral hull segmentation volume running along the 
margins of gyri without dipping into sulci was generated by applying to the mid-cortical 
segmentation six iterations of dilation followed by six iterations of erosion (Van Essen, 
2005) (Fig. 3.2B).  A cerebral hull surface was generated by tessellating this cerebral hull 
segmentation volume (Fig. 3.2D).  An affine transformation that normalized for overall 
brain dimensions in each population (see below) was applied to both the fiducial and 
cerebral hull surfaces.  Sulcal depth (Fig. 3.2F) was defined as the distance from each 
node on the normalized fiducial surface to the nearest point in the normalized cerebral 
hull surface.  The affine transformation had a small (<3%) effect on the estimation of 
sulcal depth at each node.  
 
Atlas construction. Generation of the PALS-term12 atlas involved three main stages: (i) 
delineating landmarks on each individual hemisphere; (ii) generating population-average 
landmarks to serve as the target for registration; (iii) registering each individual to the 
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‘standard mesh’ (73,730-node) atlas sphere and generating standard mesh representations 
of each individual fiducial surface. 
(i).  Delineating registration landmarks.  Six landmarks (‘Core-6’) previously 
shown to be highly consistent in location and extent in adults (Van Essen, 2005) were 
confirmed by visual inspection to be comparably consistent in term infants.  The left half 
of Figure 3.3 illustrates these six landmarks on the inflated and spherical configurations 
of an individual term infant (native mesh).  Each landmark was delineated using criteria 
similar to those in adults 
(http://brainvis.wustl.edu/help/landmarks_core6/landmarks_core6.html).  Most adult 
Core-6 landmarks terminate a specified distance relative to a nearby geographical feature.  
To accurately measure corresponding termination distances on the smaller term infant 
surfaces these distances were scaled such that the distance relative to the total surface 
dimensions was the same as for the adults. 
(ii). Population-average set of landmarks (atlas).  The population-average 
landmarks that served as the target for registration were generated in two stages. A target 
spherical surface was created using a ‘standard-mesh’ 73,730 node sphere (Fig. 3.3C, D) 
whose surface area was scaled to the average surface area of all 12 term infant right 
hemisphere native mesh spherical surface maps.  Corresponding landmarks from each 
individual’s native mesh spherical surface were averaged together (after mirror-reflecting 
the left hemisphere landmarks) and projected to the standard-mesh target sphere.  Figure 
3.3C shows lateral (top) and medial (bottom) views of landmarks from right and mirror-
flipped left hemispheres for all 12 term infants projected to the standard mesh spherical 
surface.  Individual variability in these landmarks is modest and the choice of individuals 
 81 
should have only a small effect on the average contour of each landmark. Figure 3.3D 
shows average landmarks from all 12 term infant subjects that served as the PALS-
term12 target for registration. 
(iii). Registering individuals to the PALS-term12 atlas.  Each hemisphere was 
registered to the target atlas by the same spherical registration algorithm used for the 
PALS-B12 adult atlas (Van Essen, 2005). Briefly, the algorithm uses multiple cycles of 
landmark-constrained smoothing, coupled with shape-preserving morphing iterations that 
reduce local linear and angular distortions (Van Essen et al., 2001b; Van Essen, 2004).  
After registration each individual hemisphere was resampled to the standard-mesh 
tessellation, thereby establishing node-to-node correspondences among all individuals.  
Resampling of term infant surfaces from native to standard mesh led to some spatial 
smoothing and a reduction of approximately 5% in surface area. 
 
Scale Normalization.   The adult anatomical MRI volumes for the PALS-B12 atlas had 
been registered to Washington University’s 711-2C template by affine transformation 
prior to segmentation (Buckner et al., 2004; Van Essen, 2005).  As estimates of native 
cortical surface area in the term infant population were of interest, the initial 
segmentation was carried out on MRI volumes that were aligned to the AC-PC axis 
without volume-based scale normalization.  On the other hand, for many of the 
subsequent analyses, including comparison with adults, it was desirable to remove the 
effects of variability in overall brain dimensions.  Accordingly an affine transformation 
of each surface was computed by minimizing the mean square error between the 
transformed individual surface and an age-specific population average surface (Yu et al., 
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2007).  This procedure entailed two stages of scale normalization.  A first-pass average 
fiducial surface was generated separately for each hemisphere by taking the average 3D 
spatial coordinate of each standard-mesh surface node across all 12 term infants.  An 
affine transform was computed between each individual and this initial population 
average and then applied to create first-pass normalized fiducial surfaces.  The first-pass 
normalized fiducial surfaces were then averaged to create a second-pass average fiducial 
surface.  A new affine transform, computed between original individual fiducial surfaces 
and the second-pass average fiducial surface, was used to generate second-pass individual 
fiducial surfaces.  The same process was carried out on all adult fiducial surfaces in the 
PALS-B12 atlas to obtain a set of surfaces as comparable as possible for between group 
analyses.  The second-pass affine transformed surfaces were used for all analyses, except 
where noted otherwise.  As noted above, sulcal depth was computed after affine 
transformation. 
 
Age-specific average surfaces and metrics.  Age specific surfaces and metrics were 
generated separately for the 12 term infants in PALS-term12 space and 12 adults in 
PALS-B12 space.  Age-specific average fiducial and inflated surfaces were generated on 
the standard mesh by taking the average 3D spatial coordinate of each affine-transformed 
surface node from all 12 term infants and all 12 adults.  The standard deviation of the 3D 
coordinate position was calculated to create maps of 3D variability.  Age-specific, 
population-average maps of sulcal depth and variability were created by calculating the 
mean and standard deviation of sulcal depth at each node across the cortex. Age-specific 
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depth difference maps were generated by subtracting the average sulcal depth map for the 
right hemisphere from that for the left hemisphere. 
Hemispheric surface areas were calculated at two stages – before registration and 
after both registration and scale normalization – by summing the area of all tiles on the 
appropriate fiducial surface after excluding the non-cortical medial wall. 
 
Smoothing.  Maps of sulcal depth variability and 3D positional variability were smoothed 
using an average neighbors algorithm similar to that described by Hagler et. al. (Hagler et 
al., 2006) in which the value at a node is replaced by the average with its immediate 
neighbors.  All smoothed maps were generated after 10 iterations of smoothing, which 
corresponds to a 5-6 mm smoothing kernel. 
 
Inter-Atlas Surface Based Registration.  To map population data from the PALS-B12 
atlas (Van Essen, 2005) to the PALS-term12 atlas an inter-atlas registration was carried 
out.  A total of 22 registration landmarks were drawn on both the average ‘term12’ right 
hemisphere fiducial surface in PALS-term12 space and the average right hemisphere 
‘B12’ fiducial surface in PALS-B12 space.  The 22 landmarks chosen include the average 
‘Core-Six’ plus 16 other landmarks readily identifiable on each average surface (Fig. 
3.4).  The 16 additional landmarks were drawn independently on the age-specific average 
right hemisphere fiducial surface.  Age-specific maps of population average curvature 
assisted in drawing landmarks along average sulcal fundi.  The termination points for 
these landmarks were chosen to maintain similar relative distances to other registration 
landmarks or surface feature for each age group.  The PALS-B12 landmarks were 
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registered to the PALS-term12 landmarks to create a mapping between atlases.  This 
mapping was used to register the extents of a significant depth asymmetry detected in 
adults (see results) to the PALS-term12 atlas. 
 
Hemispheric depth asymmetries.  Sulcal depth asymmetries between the left and right 
hemispheres were tested by two independent methods: (i) a paired t-test across the entire 
hemisphere and (ii) a local region of interest (ROI) method applied to a selected sulcus. 
 
(i) Paired t-test.  The strategy outlined by Nichols and Holmes (2002) was used, making 
the weak assumption that hemispheric depth differences were symmetric, as inspection of 
the depth difference histogram affirmed.  Separately for each age group (i) left and right 
hemispheres for each individual were paired and a paired t-statistic was calculated at each 
surface node with no spatial smoothing from the distribution of individual depth 
difference values.  The t-statistic was computed as the mean difference (left depth minus 
right depth) divided by the standard error of the mean difference.  (ii) The sign of 
subjects depth maps were randomly flipped 2500 times and corresponding paired t-maps 
generated.  (iii) Each t-map was smoothed 4 iterations at 0.5 strength using an average 
neighbors algorithm.  (iv) To determine statistical significance a surface-based equivalent 
to the threshold-free cluster enhancement (TFCE) test described for volumetric data 
(Smith and Nichols, 2009) was implemented.  This method removes the limitation of 
semi-arbitrarily choosing a cluster-forming threshold as the basis for determining which 
clusters are large enough to be considered statistically significant that is characteristic of 
suprathreshold cluster tests (Nichols and Holmes, 2002; Van Essen et al., 2006) while 
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still incorporating information pertaining to both signal extent and intensity to determine 
significance.  Each t-map was transformed to a TFCE-map by applying a TFCE 
transform to the t-statistic at each surface node according to equation (1):   
TFCE(p) = e(h, p)
E
h
H
dh
h0
hf
!
 (1) 
where h is the threshold applied to the t-map; e(h, p) is the extent of the cluster 
(suprathreshold contiguous nodes of the same sign) at threshold h containing the node p; 
and E and H are parameters defining the weight given to signal extent and intensity 
respectively. Although E=0.5 and H=2.0 are appropriate for volumetric analysis, we used 
E=1.0 and H=2.0, which are more appropriate for surface-based analysis (Thomas 
Nichols, personal communication).  The bounds of the integral, h0 and hf, are typically 
chosen to be 0 and the maximum t-value across all nodes respectively.  The integral was 
symbolically intractable due to the unpredictable nature of cluster size, and was 
approximated numerically.  At a high level, our approach was to use many thresholds, 
computing the approximate integral for each "slice" with the trapezoidal rule, and 
summing across all thresholds at each node.  A TFCE maximum value distribution was 
created from the maximum TFCE score for each permutation.  The TFCE value 
corresponding to the 95th percentile of this TFCE maximum value distribution was set as 
the cutoff for statistical significance on the actual (non-permuted) t-map. 
 
 (ii) Local ROI based method. The paired t-test detected significant depth asymmetry 
along the middle portion of the superior temporal sulcus (STS) in adults but not term 
infants (see results).  To test if the region of significance in adults, the middle portion of 
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the STS, was also significant in term infants, a local analysis focusing on the middle 
portion of the STS was carried out in a manner that was not affected by the variability in 
location of these sulci or by noise introduced via the registration algorithm.  An STS ROI 
was constructed by first tracing the entire fundus of the STS manually on a flat map of 
each hemisphere of all subjects, using a map of mean curvature to assist in identifying the 
sulcal fundus.  The significant STS depth asymmetry detected in adults (see results) was 
mapped to the PALS-term12 atlas using the inter-atlas registration described above and 
used to limit the extent of the STS tracing in each term infant. The nodes at both the 
anterior and posterior endpoint of the adult cluster were used to define the end points of 
the STS ROI in each term infant.  A narrow ROI was constructed around the fundus of 
the STS by selecting all nodes within 2 mm of the fundus between the endpoints.  The 
mean sulcal depth within the each individual ROI was calculated and the difference 
between paired left and right hemispheres was computed. 
 A similar analysis was repeated on the central sulcus (CeS) as structural 
asymmetries have been reported in adults (see discussion).  An ROI 2 mm on either side 
of the sulcal fundus was created (with distances measured on the average inflated 
surface) and the extent of the ROI was limited to the middle half of the sulcus.  The 
middle half was defined by cutting a quarter of the length from each end of the CeS 
registration landmark.   
 
Data Access and Visualization. 
 All data sets illustrated in this study are accessible in the SumsDB database 
(http://sumsdb.wustl.edu/sums/directory.do?id=7052056) and can be viewed on-line 
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(using WebCaret) or off-line (using Caret software) as figure-specific 'scenes' that 
recapitulate what is displayed in the individual figure panels. 
 
Results 
Mean Surface Areas.  Table 3.1 shows total cortical surface area (excluding the non-
cortical medial wall) for both the term infant and adult populations. Columns 2 and 3 
(native surface area) are the mean surface areas prior to registration and surface-based 
scale normalization.  For the term infant population these values represent our best 
estimates of actual cortical surface area and the population variability. No significant 
differences between left (300 cm2) and right (305 cm2) or between male (308 cm2) and 
female (297 cm2) were detected.   
 On average, hemispheric area was approximately 3-fold greater in adults than 
term infants (right hemisphere 3.07, left hemisphere 3.15).  However, this is likely a 
modest (approximately 10%) overestimate because the surfaces used to estimate the 
hemispheric area in the adult population had undergone volume-based scale 
normalization to Washington University’s 711-2C template prior to surface 
reconstruction (Van Essen, 2005).  This normalization resulted in modest increases in 
total intracranial volume on the order of 17% on average for young adults (Buckner et al., 
2004), corresponding to an 11% increase in surface area.   
 For the remaining quantitative analyses the infants were registered to the PALS-
term12 atlas and normalized for scale using surface-based scale normalization (see 
Methods).  The right half of Table 3.1 shows the effects of registration and surface-based 
scale normalization on estimates of cortical surface area.  Combined, these processes 
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decreased the estimated surface area by 10-15%, with roughly equal contributions from 
each procedure.  
 
Individual Cortical Folding Patterns.  Figure 3.5 shows medial and lateral views of two 
representative (closest to the population average for native surface area) term infant and 
adult right hemispheres. Overall, the term cortex has many similarities to that of the 
adult.  As expected there is a large difference in overall size between age groups (note 
scale bars).  All primary and secondary sulci are present at term as well as a large number 
of tertiary sulci, though many of them are notably shallow.  These representations also 
suggest that several regions may be distinctly less convoluted in the infants, including the 
anterior cingulate (black arrow) and anterior temporal lobe (blue arrow).  
 
Population Average Maps.  In order to characterize these patterns quantitatively within 
each age group, we created population average maps of cortical structure.  Right 
hemisphere maps of average cortical shape and sulcal depth for each population are 
shown for lateral (Fig. 3.6A, top) and medial (Fig. 3.6A, bottom) surface views.  A 
quantitative regional comparison between age groups would require registration to a 
common hybrid atlas (unpublished data).  However, this side-by-side comparison 
demonstrates broad similarities between term infants (Fig. 3.6A, rows 1, 3) and adults 
(Fig. 3.6A, rows 2, 4).  The average fiducial and average sulcal depth maps indicate that 
adult sulci are deeper by up to 10 mm, but the same overall shape (sulci and gyri in the 
average fiducial surfaces, dark and bright areas on the average sulcal depth map) is 
evident at both ages. 
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 Since each individual has a unique cortical shape, we further investigated the 
regional population characteristics by assessing inter-individual variability in both sulcal 
depth (sulcal depth variability) and spatial position (3D coordinate variability) for each 
age group.  These maps are shown for lateral (Fig. 3.6B, top) and medial (Fig. 3.6B, 
bottom) views for both infants (Fig. 3.6B, rows 1, 3) and adults (Fig. 3.6B, rows 2, 4).  
As these surfaces were normalized for overall cortical dimensions, the variability in each 
measure was minimally affected by differences in total brain dimensions.   Similar results 
were obtained for surfaces prior to normalization.  The pattern of variability is 
heterogeneous at each age, indicating that some regions of the cortex (blue/green) are 
more consistent in shape than others (orange/red).  Importantly, the adult and term infant 
patterns of variability are quite similar overall, suggesting that this pattern is established 
by term birth and changes only modestly by adulthood.  A possible exception is in the 
middle region of the superior temporal sulcus (Fig. 3.6B, arrow).  Relative to the rest of 
the cortex the term infant population shows a trend toward greater depth variability (red) 
in this region than the adult population (green).  Such a region of proportionally higher 
variability in the term infant population might reflect either depth variability at the sulcal 
fundus or to sulcal trajectory variability that would cause the sulcal fundus of one 
individual to not align with the fundus of another.  Quantitative regional comparisons 
between age groups will require registration to a common hybrid atlas.  Similar maps for 
the left hemisphere are shown in Figure 3.7. 
 
Hemispheric Asymmetries. Figure 3.8 shows sulcal depth differences between left and 
right hemispheres for term infants (Fig. 3.8, rows 1, 3) and adults (Fig. 3.8, rows 2, 4) in 
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lateral (Fig. 3.8, top) and medial (Fig. 3.8, bottom) views.  A map of the difference 
between mean left and right sulcal depth maps (Fig. 3.8A) shows a complex pattern of 
left-deeper (green/blue) and right-deeper (yellow/red) that is qualitatively similar in term 
infants and adults despite the differences in absolute scale (note scale bar).  We used a 
paired t-test to test for statistically significant (p<0.05) depth asymmetries in each 
population.  Intermediate stages in this statistical analysis include t-statistic maps (Fig. 
3.8B) and a transformation to the TFCE-statistic values (Fig. 3.8C).  The TFCE transform 
increases the t-statistic values to the extent that each surface node is part of a large 
contiguous cluster (see methods).  Nodes that passed significance testing are shown in 
Figure 3.8D and colored according to laterality:that was  deeper on the right (red) and 
deeper on the left (blue).  In adults, four asymmetries were significant.  On the lateral 
surface, this includes a left-deeper-than-right perisylvian asymmetry centered on the 
planum temporale, a small left-deeper-than-right asymmetry in the posterior temporal 
lobe, and a right-deeper-than-left asymmetry along the middle extent of the superior 
temporal sulcus (STS) (Fig. 3.8D, row 2). On the medial surface, a right-deeper-than-left 
asymmetry running along the wall of the parietal-occipital sulcus was significant (Fig. 
3.8D, row 4).  In term infants there were two statistically significant asymmetries.  On the 
lateral, surface, this includes a significant perisylvian asymmetry that is 3 mm deeper on 
average on the left and in the same location as the asymmetry seen in adults (Fig. 3.8D, 
row 1). On the medial surface, there was an apparent asymmetry running along the 
parahippocampal and non-cortical medial wall in a region where the limits of neocortex 
in the hippocampal fissure are difficult to delineate (Fig. 3.8D, row 4).  
Due to the difficulty of delineating neocortex along the parahippocampal sulcus 
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we investigated the biological significance of that asymmetry in term infants by 
analyzing MRI volumes of individual term subjects.  The top half of Figure 3.9 shows the 
apparent depth asymmetry (red region) and an example of a term infant coronal MRI 
slice that intersects the apparent asymmetry (Fig. 3.9B).  Figure 3.9C shows coronal MRI 
slices for 3 term infants.  For each infant, three coronal MRI slices are shown that 
intersect the apparent asymmetry along its anterior (slice A), middle (slice B), and 
posterior (slice C) extent.  The approximate locations of these slices relative to the 
apparent depth asymmetry are noted by arrows in Figure 3.9A.  The MRI volumes have 
been cropped along the red box indicated in Figure 3.9B.  Surface contours illustrating 
the intersection of each individual’s left (red contour) and right (blue contour) fiducial 
surfaces with the MRI volume are overlaid on each volume.  The upper left panel (term 2, 
slice A) identifies the portion of the contour lying within the apparent depth asymmetry 
(black circles).   For all slices of each infant the right contour follows the fundus of the 
parahippocampal sulcus more closely on the MRI volume than the left contour.  This 
discrepancy results in the right contours extending deeper into the parahippocampal 
sulcus than the left, which accounts for the apparent depth asymmetry.  Accordingly we 
do not consider this asymmetry to be biologically significant. 
 A significant depth difference along the STS was not detected in term infants by 
TFCE analysis.  However, the depth difference map in the term infant population 
indicates that the STS is deeper on the right over much of its extent (Fig 3.8A, row 1, 
red).  The sensitivity of the TFCE analysis is reduced by misalignment of the sulcal 
fundus, which is proportionally greater in infants as evidenced by the depth variability 
map (Fig. 3.6B, row 1, arrow).  We therefore used a more sensitive method that is less 
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affected by variability in sulcal trajectory and imperfections in the registration algorithm.  
We traced the sulcal fundus of each individual and tested for significant depth asymmetry 
within a narrow region along the middle portion of the STS in term infants, which 
corresponds to the region of significant asymmetry in adults (Table 3.2).  By this analysis 
the central portion of the STS fundus was 1.1 mm deeper on average on the right than the 
left (t=5.2, p<0.01). 
Since the central sulcus has been reported to contain depth asymmetries (see 
discussion), we decided to use the more sensitive ROI approach to test for significant 
depth asymmetry along a narrow swath centered on the middle portion of the fundus of 
the central sulcus (Table 3.3).  We did not detect a significant depth asymmetry in either 
the neonatal or adult population.  A secondary analysis also did not detect gender-specific 
asymmetries in either population. 
 
Discussion 
We have characterized important aspects of cortical development by establishing 
the first population average surface atlas of human cortical structure at term gestation.   
Surface-based approaches expand upon volume-based approaches for studying the 
cerebral cortex because they facilitate visualization of the entire cortical sheet, including 
cortex buried in sulci, and provide quantitative measures of cortical folding and surface 
area (Drury et al., 1996; Van Essen and Drury, 1997; Van Essen et al., 1998; Fischl et al., 
1999a; Costa et al., 2007).  Previous surface-based analyses of cortical development have 
studied preterm infants to qualitatively detail the timetable of cortical folding, 
quantitatively examine global changes in surface area and shape during development, and 
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define the impact of cerebral lesions and intrauterine growth restriction on cortical 
structure (Dubois et al., 2008b; Dubois et al., 2008a).  A significant methodological 
limitation to these studies was the lack of a common atlas space, which restricted regional 
quantitative comparisons across individuals to manually identified regions of consistent 
shape (Dubois et al., 2008a).  
Our approach has capitalized on registration of term infants to the PALS-term12 
atlas.  This allows population-average measures of cortical shape and individual 
variability to be computed at every point across the cortex, irrespective of individual 
folding patterns.  The availability of this atlas as a registration target also facilitates 
subsequent regional comparisons of healthy term infants to other populations.  The  
registration process (Van Essen, 2005) is associated with a small but unavoidable 
reduction in surface area  measurements.  Hence, the sulcal depth, depth variability, and 
3D positional variability measures reported here might be slight underestimates of true 
biological values.  Because the same procedure was applied to all individuals and the 
effects on each population were similar, this should not adversely affect comparisons 
between individuals or groups.   
 
Cortical shape and variability. 
 
 Human cerebral cortex contains a mosaic of perhaps 100-200 anatomically and 
functionally distinct cortical areas (O'Leary et al., 2007; Kaas, 2008) that are presumably 
connected by thousands of cortico-cortical pathways, as is the case for the macaque 
monkey (Felleman and Van Essen, 1991).  In adult humans, cortical folding is regionally 
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variable across individuals, with some regions much more consistent in shape than others 
(Thompson et al., 1996; Van Essen, 2005; Van Essen and Dierker, 2007a).  We found 
that the regional pattern of inter-individual variability in cortical convolutions is largely 
established by term birth, changing only modestly thereafter.  
Individual variability in cortical folding may be related to variability in the size of 
cortical areas or in the density of cortical connections between areas.  In humans, cortical 
areas vary in size more than two-fold across individuals (White et al., 1997; Dougherty et 
al., 2003).  Studies in the cat report moderate individual variability (often ~2-fold) in the 
relative density of cortical connections between any given pair of areas (Hilgetag and 
Grant, 2000).  The theory of tension based cortical folding (Van Essen, 1997) predicts 
that cortical connectivity has a strong influence on the variability of cortical folds; 
consistent folding patterns occur in regions where cortical connections are dominated by 
few pathways between large areas, whereas more variable folding is found in regions 
where smaller areas are connected through more variable pathways.  Since long distance 
cortical connections are largely established by term birth, the present observations 
support the hypothesis that cortical connectivity is a major factor influencing variability 
in cortical folding, whereas processes later in development, such as synaptic pruning, 
play less of a role. 
 
Hemispheric Asymmetries 
 
Hemispheric asymmetries have fascinated neuroscientists since the pioneering 
studies of Broca and Wernicke on language lateralization (Toga and Thompson, 2003) 
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and split-brain patients (Sperry, 1984; Gazzaniga, 2005).  The left hemisphere is 
dominant in language, logical reasoning, and mathematics whereas the right hemisphere 
is dominant in visuospatial processing, emotional perception, and musical ability (Sperry, 
1984; Borod, 1992; Gazzaniga, 2005).  Modern imaging techniques have revealed several 
anatomic and functional asymmetries in adults.  Among the most prominent anatomic 
asymmetries are the perisylvian cortex and superior temporal sulcus (Blanton et al., 2001; 
Toga and Thompson, 2003; Van Essen, 2005; Sun and Walsh, 2006). 
We found a left-deeper-than-right asymmetry centered on the planum temporale 
within the posterior Sylvian fissure in term infants that corresponds well to an adult 
asymmetry previously reported (Van Essen, 2005) and confirmed here. Structural 
asymmetries in this region have been reported by qualitative examination of post-mortem 
human preterm infant brains.  For example, at approximately 32 weeks gestation the left 
transverse temporal (Heschl’s) gyrus first extends further posterior, is shorter in height, 
and more obtusely angled (making more room for the planum temporale) than the right 
(Chi et al., 1977).  Auditory evoked responses in human infants aged between one week 
and ten months demonstrate a greater sensitivity to speech stimuli in the left temporal 
region than the right (Molfese et al., 1975).  There are also significant asymmetries of 
gene expression in the perisylvian region in humans at 12, 14, and 19 weeks gestation, 
including regions that later form the superior temporal gyrus and sulcus and the Sylvian 
fissure (Sun et al., 2005; Sun et al., 2006).  Altogether, there is strong evidence for 
structural, functional, and molecular correspondence of  asymmetries of perisylvian 
cortex during normal prenatal cerebral development. 
The superior temporal sulcus (STS) is first visible at 23 weeks gestation and 
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appears earlier on the right than the left (Chi et al., 1977; Dubois et al., 2008a).  
Consistent with this, we identified a right-deeper-than-left asymmetry along the posterior 
extent of the STS in term infants that is similar in location to that of adults.  Bilateral 
activation in this region has been implicated in a host of functions including speech 
processing, face processing, audiovisual integration, and biological motion processing 
(Hein and Knight, 2008).  Greater functional activation is reported in the right posterior 
STS for biological motion processing and in monitoring intentions conveyed by 
biological motion cues from other individuals (Pelphrey and Carter, 2008; Wyk et al., 
2009).  Language-related functional and pathway asymmetries in the vicinity of the STS 
have been reported in both lesion and fMRI studies (Glasser and Rilling, 2008).  
Therefore, structural and functional asymmetry is present and further supported by our 
findings. 
We did not detect a significant asymmetry along the fundus of the central sulcus 
in either neonates or adults.  This result is consistent with a lack of asymmetry seen in the 
preterm population (Dubois et al., 2008a).  Histological studies indicate that structural 
asymmetry in the central sulcus is present by childhood but has not fully developed 
(Amunts et al., 1997).  Studies in adults have revealed conflicting results with both right 
deeper than left (Davatzikos and Bryan, 2002) and left deeper than right (Amunts et al., 
2000) asymmetry reported for right-handed subjects.  The lack of asymmetry seen in this 
study could be attributed to lack of power given the small number of subjects or to the 
potential confounder of handedness, which has been found to affect the degree of 
asymmetry (Amunts et al., 2000).  Although all 12 adults were right-handed, the 
handedness of the neonates could not be determined, as this trait does not manifest until 
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later in development. 
Concluding Remarks 
 Comparing the PALS-term12 atlas side-by-side with adult PALS-B12 atlas 
reveals that cortical structure in term infants is similar to the adult in many respects, 
including the pattern of individual variability and the presence of statistically significant 
structural asymmetries along the planum temporale and superior temporal sulcus.  These 
results indicate that the postnatal environment minimally influences these structural 
features.  This side-by-side comparison also suggests regional differences in the maturity 
of folding in term infants.  These issues can be explored using quantitative comparisons 
that require registering infant and adult cortical surfaces to a common hybrid atlas space 
(see Chapter 4).  The PALS-term12 atlas will be a valuable substrate for evaluating 
abnormal cortical development associated with conditions such as preterm birth and 
perinatal injury. 
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Figures & Tables 
 
 
 
Figure 3.1.  Example term infant segmentation volumes.  The top row displays cropped T2-weighted 
MRI volumes for the right hemisphere viewed in the coronal plane for two term infants.  The bottom row 
shows the final segmentation result created using the LIGASE method overlaid in red on the anatomic 
MRI.    Note that the medial wall region (from the fundus of the parahippocampal sulcus inferiorly to 
callosal sulcus superiorly) was manually delineated and smoothed. 
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Figure 3.2.  Key steps in term infant surface generation and regional shape analysis.  (A) Example 
right hemisphere cortical segmentation volume (red) overlaid on anatomic T2-weighted MRI volume. (B) 
Cerebral hull segmentation volume used for calculating sulcal depth.   (C) Lateral view of a fiducial surface 
reconstruction generated by a tessellation running along the boundary of the cortical segmentation volume 
and slight smoothing.  (D) Lateral view of the cerebral hull surface generated by a tessellation that runs 
along the boundary of the cerebral hull segmentation volume.  (E) Lateral view of an inflated surface 
displaying a map of cortical folding.  The inflated surface was generated by applying 300 iterations of 
inflation to the fiducial surface.   (F) Lateral view of an inflated surface displaying a map of sulcal depth.  
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Figure 3.3.  Registration landmarks and creation of PALS-term12 registration target.  Individual, 
population, and population-average landmarks are shown on several surfaces.  Lateral views are displayed 
in the top row and medial views in the bottom row.  (A) Native mesh inflated surface configuration for one 
term infant overlaid with a map of sulcal depth.  The six landmarks (‘Core 6’) used for registration are 
displayed on the surface.  On the lateral surface these consisted of the fundus of the central sulcus (yellow), 
Sylvian fissure (blue), and anterior half of the superior temporal gyrus (pink).  Medial landmarks are the 
calcarine sulcus (orange) and the cortical margin of the medial wall divided into dorsal (purple) and ventral 
(magenta) portions.  (B) Core 6 landmarks displayed on the native mesh spherical surface map for the same 
individual overlaid with a map of sulcal depth. (C) Core Six landmarks from both hemispheres (right and 
mirror-flipped left) of all 12 term infants projected to the standard mesh (73,730 node) PALS-term12 
spherical map.  (D) Average trajectory of each landmark for the 12 term infants displayed on the standard 
mesh sphere.  These average landmarks served as the target for surface based registration. 
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Table 3.1.  Term infant and adult total cortical surface area estimates excluding the non-cortical 
medial wall.  For the term infant population, the leftmost two columns give surface area values in the 
native mesh configurations after AC-PC alignment but before any scale normalization or registration.  For 
adults, the leftmost two column gives values after volume-based normalization but before registration and 
surface based scale normalization.  The middle two columns give surface area values after registration to 
the appropriate age-specific atlas and surface based scale normalization.  The rightmost two columns give 
the percent difference in surface area between native mesh and normalized atlas mesh surfaces. 
 
 
Figure 3.4.  Inter-atlas registration landmarks used to register the PALSB-12 atlas to the PALS-
term12 atlas.  Landmarks are displayed on the average PALS-term12 (top) and average PALS-B12 
inflated surfaces.  Surfaces have been colored according population-average sulcal depth for each age 
group.  CaS, calcarine sulcus; CeS, central sulcus; CiS, cingulate sulcus; IFS, inferior frontal sulcus; pIPS, 
posterior portion of the intraparietal sulcus; ITS, inferior temporal sulcus; dMW, dorsal portion of the 
medial wall; vMW, ventral portion of the medial wall; CoS, collateral sulcus; MTS, medial temporal 
sulcus; OlS, olfactory sulcus; OrS, orbital sulcus; POS, parietal-occipital sulcus; PoCeS, postcentral sulcus; 
PreCunS, precuneus sulcus; sPreCeS, superior portion of the precentral sulcus; SFS, superior frontal sulcus; 
STG, superior temporal gyrus; STS, superior temporal sulcus; iPreCeS, inferior portion of the precentral 
sulcus; SF, Sylvian fissure; aIPS, anterior portion of the intraparietal sulcus. 
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Figure 3.5.  Individual folding patterns.  Standard-mesh fiducial surfaces for two term infants (left) and 
two adults (right), lateral views (top row) and the medial views (bottom row).  Note the different scale bars. 
The particular individuals displayed have native mesh surface areas closest to the age-specific population 
mean.  Regions that hint at age differences in folding complexity include the anterior temporal region (blue 
arrow) and anterior cingulate region (black arrow). 
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Figure 3.6.  Right hemisphere population-average maps for the term infant and adult populations.  
Rows 1 and 2 show lateral views for a population of 12 term infants and 12 adults, respectively. Rows 3 
and 4 show corresponding medial views for term infants and adults, respectively.  All maps were generated 
after surface based scale normalization.  (A) Average fiducial and average sulcal depth maps.  The average 
fiducial surface was created by calculating the average spatial coordinate from all 12 individuals after 
surface-based scale normalization.  The average sulcal depth maps were created by calculating the average 
sulcal depth across individuals for each node. Note scale differences for each age group.  (B) Maps of 
sulcal depth and 3D positional variability.  Sulcal depth variability maps display the standard deviation in 
sulcal depth for all individuals.  3D positional variability maps display the standard deviation in 3D fiducial 
coordinate position for all individuals.  Note scale differences for each age group.  Average sulcal depth 
variability and 3D positional variability maps for the term infants and adults are displayed on the PALS-
term12 and PALS-B12 standard-mesh average inflated surfaces, respectively. 
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Figure 3.7.  Left hemisphere population averaged maps for the term infant and adult populations.  
Rows 1 and 2 show lateral views for a population of 12 term infants and 12 adults, respectively. Rows 3 
and 4 show corresponding medial views for term infants and adults, respectively.  All maps were generated 
after surface based scale normalization.  (A) Average fiducial and average sulcal depth maps.  The average 
fiducial surface was created by calculating the average spatial coordinate from all 12 individuals after 
surface-based scale normalization.  The average sulcal depth maps were created by calculating the average 
sulcal depth across individuals for each node. Note scale differences for each age group.  (B) Maps of 
sulcal depth and 3D positional variability displayed on the standard mesh average term infant inflated 
surface.  Sulcal depth variability maps display the standard deviation in sulcal depth for all individuals.  3D 
positional variability maps display the standard deviation in 3D fiducial coordinate position for all 
individuals.  Note scale differences for each age group.  Average sulcal depth variability and 3D positional 
variability maps for the term infants and adults are displayed on the PALS-term12 and PALS-B12 standard 
mesh average inflated surfaces, respectively. 
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Figure 3.8.  Analysis of hemispheric depth asymmetries. Rows 1 and 2 show lateral views  for a 
population of 12 term infants and 12 adults, respectively. Rows 3 and 4 show corresponding medial views 
for term infants and adults, respectively. All maps are displayed on the age-specific standard-mesh average 
inflated surface.  (A) Maps of mean sulcal depth difference between hemispheres.  Blue and green regions 
are deeper on the left; red and yellow regions are deeper on the right. (B) Non-thresholded paired t-statistic 
map for hemispheric depth difference.  The paired t-statistic was computed as the mean depth difference 
(left depth minus right depth) divided by the standard error of the mean.  (C) Non-thresholded TFCE-
statistic map.  This map was generated by applying the TFCE transform to the t-statistic at each surface 
node.  (D) Location of significant depth difference clusters revealed by threshold free cluster enhancement 
(TFCE) and permutation testing.  Blue clusters are deeper on the left and red clusters are deeper on the 
right. 
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Figure 3.9.  Examination of apparent depth asymmetry along the fundus of the parahippocampal 
sulcus in term infants.  (A) Medial view of the term infant average inflated surface displaying the location 
of the apparent depth asymmetry (red region).  The letters correspond to slice locations shown in (C).  (B) 
Example term infant coronal MRI that intersects the apparent depth asymmetry at the level of slice B.  The 
red box indicates the approximate cropped region displayed in (C).  (C).  Cropped coronal MRI volumes 
for 3 term infants in the vicinity of the parahippocampal sulcus.  For each infant, three coronal MRI slices 
are shown that intersect the apparent asymmetry along its anterior (slice A), middle (slice B), and posterior 
(slice C) extent. Surface contours illustrating the intersection of each individual’s left (red contour) and 
right (blue contour) fiducial surfaces with the MRI volume are overlaid on each volume.  The upper left 
panel identifies the portion of the contour lying within the apparent depth asymmetry (black circles) 
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Table 3.2.  Examination of sulcal depth asymmetry within an ROI running along the middle extent of 
the fundus of the superior temporal sulcus (STS) in term infants.  Mean sulcal depth for each 
hemisphere and hemispheric depth difference (in mm) within the ROI is given for each term infant.  The 
bottom row lists the mean depth for each hemisphere and mean depth difference.  Significance testing was 
done using a paired t-test. 
 
 
Table 3.3.  Examination of sulcal depth asymmetry within an ROI running along the middle extent of 
the fundus of the central sulcus (CeS) in term infants and adults.  For each population, mean sulcal 
depth with the CeS ROI across all subjects, males, and females is given for each hemisphere. Significance 
testing was done using a paired t-test. 
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Chapter 4 
Non-uniformities in Cerebral Cortex 
Surface Expansion: Postnatal 
Development and Evolution 
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Abstract 
 The cerebral cortex of the human infant at term is nearly as folded as the adult 
cortex but has only about one third the total surface area (Chapter 3).  By comparing 12 
healthy infants born at term with 12 healthy young adults we demonstrate that postnatal 
cortical expansion is strikingly non-uniform.  Regions of lateral temporal, parietal, and 
frontal cortex expand nearly twice as much as other regions in the insular and medial 
occipital cortex.  This differential postnatal expansion may reflect regional differences in 
cellular maturity at birth or in the degree of differentiation in adults, and it may point to 
differential sensitivity of cortical circuits to childhood experience and insults.  We also 
found that the pattern of human postnatal expansion is remarkably similar to the pattern 
of evolutionary cortical expansion revealed by comparison between human and macaque 
monkey.  The correspondence between postnatal and evolutionary expansion may reflect 
evolutionary pressure to keep regions of recent evolutionary expansion less structurally 
mature at birth. 
 
Introduction 
The human cerebral cortex is characterized by regional non-uniformities in 
cellular structure that change with age.  Near term, there are regional variations in 
synaptic density (Huttenlocher, 1990; Huttenlocher and Dabholkar, 1997), dendritic 
length, and dendritic spine density (Travis et al., 2005).  After birth, synaptogenesis 
increases rapidly, reaching peak density by 10-15 months of age and then undergoing a 
50-60% reduction to a plateau that is approximately 40% greater than at birth (Watson et 
al., 2006).  The time course of these synaptic change differs across regions, with primary 
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sensory regions attaining peak density and adult levels earlier than higher order 
“association” areas (Huttenlocher, 1990; Casey et al., 2005).  In adults, there are regional 
non-uniformities in neuronal density (Haug, 1987), dendritic size, branching complexity, 
and spine density (Elston et al., 2001).   
The evidence for cellular non-uniformities provides grounds for anticipating 
regional differences in the maturity of the cortex as early as term.  We recently used a 
surface-based approach to compare cortical structure in human term infants side-by-side 
with adults.  That analysis suggested that although these populations share many cortical 
shape characteristics, there might be regional differences in the maturity of cortical folds 
at term (see Chapter 3).  The importance of cortical folding in development is highlighted 
by the association of subtle folding abnormalities to a range of cognitive disorders 
including schizophrenia (Wisco et al., 2007; Csernansky et al., 2008), bipolar disorder 
(Fornito et al., 2007), Williams syndrome (Van Essen et al., 2006), and autism (Nordahl 
et al., 2007).  Evaluating regional differences in cortical maturity at term will assist in our 
understanding of cerebral regions that may be selectively affected by prenatal and 
postnatal experience and/or injury. 
Since the evolutionary divergence with the macaque monkey 25 million years ago 
(Stewart and Disotell, 1998) the human cerebral cortex has evolved new cortical areas, 
15-fold more neurons, and a 10-fold larger surface area (Mountcastle, 1997; Herculano-
Houzel et al., 2007; Kaas, 2008).  The cortical surface expansion is highly non-uniform, 
with some regions expanding far more than others (Van Essen and Dierker, 2007a).  
Comparing the pattern of human postnatal to evolutionary cortical surface expansion may 
reveal evolutionary pressures that have influenced human development. 
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In the present study we have quantitatively evaluated the maturity of cortical folds 
at term by registering term infants and adults to a common ‘hybrid’ atlas.  The hybrid 
atlas, generated using the Population-Average Landmark-and-Surface (PALS) approach 
(Van Essen, 2005), is denoted the PALS-TA24 atlas (Term-Adult-24-hemispheres) and 
combines surface features from both term infant and adult populations, thereby avoiding 
biasing the analysis toward either age group.  Using the PALS-TA24 atlas data set we 
characterized important non-uniformities in postnatal cortical expansion and compared 
them to the pattern of expansion that occurred in human evolution. 
 
Methods 
Subjects and Image processing.  Participant characteristics, MRI scanning, and image 
processing have been described in detail previously for term infant (see Chapter 3) and 
adult (Van Essen, 2005) subjects. Key steps in image processing are illustrated in Figure 
4.1 and summarized below.  In brief, participants included 12 healthy term born infants 
(6 male, 6 female, mean gestational age of 39 weeks) from uncomplicated pregnancies 
recruited from St Louis Children’s Hospital and 12 normal right-handed young adults  (6 
male, 6 female, ages 18-24).  Institutional review boards approved all procedures and, if 
appropriate, parents or legal guardians provided informed written consent for the study.   
High resolution T2-weighted and T1-weighted MRI scans were obtained for term 
infant and adult subjects, respectively (Fig. 4.1A).  All MRIs were aligned to the anterior 
commissure-posterior commissure (AC-PC) orientation and origin by rigid body 
translation and rotation using Caret software (http://brainvis.wustl.edu, (Van Essen et al., 
2001a).  In addition, adult MRI volumes were registered to the Washington University 
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711-2C version of stereotaxic atlas space. Each brain was cropped along the midline for 
separate processing of left and right hemispheres.  Mid-cortical (cortical layer IV) 
segmentation volumes were generated for term infants and adults using the semi-
automated LIGASE and SureFit methods, respectively (Fig. 4.1B).  Defining the 
boundary at the cortical mid-thickness has the advantage that each square millimeter of 
surface area represents approximately the same cortical volume irrespective of gyal or 
sulcal location (Van Essen, 2005). 
Cortical surface reconstructions were generated for each hemisphere using tools 
in Caret.  A raw surface was generated by a tessellation running along the boundary of 
the segmentation volume and smoothed slightly to generate a 3D ‘fiducial’ surface (Fig. 
4.1C). A closed contour along the boundary of cortex with the corpus callosum, basal 
forebrain, and the fundus of the parahippocampal fissure, designated the non-cortical 
medial wall, was manually delineated in Caret (Fig. 4.1C, medial view). An inflated 
configuration was generated by applying 300 iterations of inflation to the fiducial surface 
(Fig. 4.3A).  A flat map, which assisted in landmark tracing, and a spherical surface (Fig. 
4.3B) used for registration were also generated for each surface. 
  
Population Based Atlases.  Figure 4.2 illustrates the conceptual approach toward atlas 
generation adopted in this study.  The PALS-term12 (Fig. 4.2, blue box) and PALS-B12 
atlases (Fig. 4.2, yellow box) are existing population-averaged surface atlases of term 
infants and adults, respectively.  Each atlas is a suitable target for other datasets 
consisting of subjects with similarly sized brains (Van Essen et al., 2006; Nordahl et al., 
2007).  To quantitatively compare neonate and adult populations without bias toward 
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either age group, a hybrid atlas target (Fig. 4.2-green box) was created that reflects the 
average shape characteristics of both age groups (see below).  The hybrid atlas is denoted 
as the PALS-TA24 atlas because it is derived from a total of 24 term and adult 
hemispheres.  Black arrows in Figure 4.2 represent the registration of individuals from 
their native space to a particular atlas target.  Red arrows represent inter-atlas registration 
that allows the mapping of datasets from one atlas to another. 
 Generation of the PALS-TA24 atlas involved three main stages: (i) delineating 
landmarks on each individual hemisphere; (ii) generating population-average landmarks 
to serve as the target for registration; (iii) registering each individual to the ‘standard 
mesh’ (73,730-node) atlas sphere and generating standard mesh representations of each 
individual fiducial surface. 
 
(i).  Delineating registration landmarks.  A set of six landmarks (‘Core six’) that are 
highly consistent in both term infants and adults (Van Essen, 2005) were delineated on 
each individual fiducial surface.  The left half of Figure 4.3 shows an example of these 
six landmarks displayed on the inflated and spherical configurations of an individual 
neonate (native mesh).  
 
(ii). Population-average set of landmarks (atlas).  The population-average landmarks that 
served as the target for registration were generated in two stages. A target spherical 
surface was created using a ‘standard-mesh’ 73,730 node sphere (Fig. 4.3C-E) whose 
surface area was scaled to the average surface area of all 24 (neonate and adult) right 
hemisphere native mesh spherical surface maps noted above.  Corresponding landmarks 
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from each individual’s native mesh spherical surface were averaged together (after 
mirror-reflecting the left hemisphere landmarks) and projected to the standard-mesh 
target sphere.  Figure 4.3C shows lateral (top) and medial (bottom) views of landmarks 
from right and mirror-flipped left hemispheres for all 24 neonate and adult individuals 
projected to the standard mesh spherical surface.  Individual variability in these 
landmarks is modest, and the choice of individuals should have only a small effect on the 
average contour of each landmark.  Figure 4.3D shows the average landmark trajectory 
for each age group separately. The adult set of average landmarks (blue arrow for the 
Sylvian fissure border) and the neonate set of average landmarks (red arrow for the 
Sylvian fissure) serve as the registration targets for the PALS-B12 PALS-term12 atlas 
respectively (see Fig. 4.2). As expected, there are modest differences in the average 
trajectory for each age group, thus warranting the use of a combined target reflecting 
shape characteristics of both populations.  Figure 4.3E shows average landmarks from all 
24 infant and adult subjects that served as the PALS-TA24 target for registration. 
 
(iii). Registering individuals to the PALS-TA24 atlas.  Each hemisphere was registered to 
the target atlas using the same spherical registration algorithm used for the PALS-B12 
adult atlas (Van Essen, 2005). Briefly, the algorithm uses multiple cycles of landmark-
constrained smoothing coupled with shape-preserving morphing iterations that reduce 
local linear and angular distortions (Van Essen et al., 2001a; Van Essen, 2004).  After 
registration, each individual hemisphere was resampled to the standard-mesh tessellation, 
thereby establishing node-to-node correspondences among all individuals.   
 
 115 
Inter-Atlas Surface Based Registration.  To map population data from the PALS-B12 
atlas (Van Essen, 2005) to the PALS-TA24 atlas, an inter-atlas registration was carried 
out.  For the right hemisphere an average ‘B12’ fiducial surface was created in PALS-
TA24 space by averaging all 12 standard-mesh right hemisphere adult fiducial surfaces.  
A total of 22 registration landmarks were drawn on the average ‘B12’ fiducial surface in 
PALS-TA24 space and registered to a corresponding set of landmarks previously 
established on the average ‘B12’ fiducial surface in PALS-B12 space (see Chapter 3) to 
generate a right-hemisphere mapping between atlases.  This mapping was used to register 
Brodmann areas, a surface atlas of the macaque monkey (see below), and a map of 
evolutionary surface expansion (see below) generated in PALS-B12 space to the PALS-
TA24 atlas. 
 
Scale Normalization.   The adult anatomical MRI volumes for the PALS-B12 atlas had 
been registered to Washington University’s 711-2C template by affine transformation 
prior to segmentation (Buckner et al., 2004; Van Essen, 2005), whereas the term infant 
anatomic MRI volumes had not (see Chapter 3).  To control for this methodological 
difference and obtain a set of surfaces as comparable as possible for between group 
analyses, each fiducial surface was normalized to the age-specific population average 
surface dimensions as described previously (see Chapter 3).  In brief, an affine 
transformation was computed and applied between each individual fiducial surface and 
the age-specific average fiducial surface by minimizing the mean square error between 
the transformed individual surface and an age-specific population average surface (Yu et 
al., 2007).  These affine transformed surfaces were used for all subsequent analyses. 
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Term infant to adult relative surface area expansion.  A map of relative cortical surface 
area expansion between term birth and adulthood was calculated for each hemisphere 
separately by examining the fractional surface area of each location on the cortex.  For 
each hemisphere of each individual, a map of fractional surface area was calculated by 
computing the surface area of each fiducial surface tile as the fraction of total cortical 
surface area (excluding the non-cortical medial wall).  Since each node is associated with 
multiple tiles and each tile is composed of 3 nodes, the areal fraction assigned to each 
node was one-third the sum of all tiles associated with that node.  Age-specific maps of 
mean fractional area were calculated by averaging the fractional areas at each node across 
all 12 neonates and all 12 adults separately.  Finally, maps of relative areal expansion 
were constructed by dividing the mean fractional area maps of the adults by that of the 
neonates.  Results were displayed on a logarithmic (base 2) scale.  
 
Evolutionary Cortical Surface Expansion.  A surface atlas of a single macaque monkey 
(F99) (Van Essen and Dierker, 2007a) was previously registered to the adult PALS-B12 
atlas using a combination of functional and structural homologies (Orban et al., 2004). A 
map of relative cortical surface area expansion between the F99 macaque right 
hemisphere and the human adult right hemisphere (Van Essen and Dierker, 2007a) was 
registered to the PALS-TA24 atlas.  A correlation map relating postnatal and 
evolutionary expansion was created by normalizing each relative cortical expansion map 
to the same scale and multiplying them together. 
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Smoothing.  Maps of postnatal surface area expansion and evolutionary area expansion 
were smoothed using an average neighbors algorithm similar to that described previously 
(Hagler et al., 2006) in which the value at a node is replaced by the average with its 
immediate neighbors.  All smoothed maps were generated after 10 iterations of 
smoothing, which correspond to a 5-6 mm smoothing kernel. 
 
Significance testing.  Regions of significantly high or low postnatal expansion were 
tested using (i) a two-sample t-test and (ii) an interhemipsheric symmetry test. 
(i) Two-sample t-test.  Separately for each hemisphere, (a) a two-sample t-statistic 
was calculated with no spatial smoothing at each surface node from the distribution of 
term infant and adult fractional surface areas.  The t-statistic was computed as the mean 
term infant area minus mean adult area divided by the unpooled standard error.  (b) The 
group identities (term infant or adult) of each individual fractional area map were 
randomized 2500 times and corresponding t-maps were generated.  (c) Each t-map was 
smoothed 4 iterations at 0.5 strength using an average neighbors algorithm. (d) To 
determine statistical significance a threshold-free cluster enhancement (TFCE) was 
implemented1,12.  Each t-map was transformed to a TFCE-map by applying a TFCE 
transform to the t-statistic at each surface node according to the following equation:  
TFCE(p) = e(h, p)
h0
hf
! *h
2
dh
 (1) 
where h is the threshold applied to the t-map; e(h, p) is the extent of the cluster 
(suprathreshold contiguous nodes of the same sign) at threshold h containing the node p; 
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The integral was approximated numerically and the bounds of the integral, h0 and hf, 
were 0 and the maximum t-value across all nodes respectively.  A TFCE maximum value 
distribution was created from the maximum TFCE score for each permutation.  The 
TFCE value corresponding to the 95th percentile of this TFCE maximum value 
distribution was set as the cutoff for statistical significance on the actual (non-permuted) 
t-map. 
 (ii) Interhemispheric symmetry test.  The interhemispheric symmetry analysis 
tests for significant clusters present in corresponding locations in both hemispheres (Van 
Essen et al., 2006; Csernansky et al., 2008).  This test follows the same method as the 
two-sample t-test just described with the exceptions that both left and right hemispheres 
were examined and after each permutation a t-correlation map was generated by 
multiplying the two-sample t-statistic at each surface node in the left hemisphere by the 
corresponding node in the right hemisphere.  This t-correlation map was used as the t-
statistic for significance testing by TFCE.   
 
Data Access and Visualization. 
 All data sets illustrated in this study are accessible in the SumsDB database 
(http://sumsdb.wustl.edu/sums) and can be viewed on-line (using WebCaret) or off-line 
(using Caret software) as figure-specific 'scenes' that recapitulate what is displayed in the 
individual figure panels. 
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Results 
Surface area expansion during postnatal development.  Figure 4.4 shows a map of 
cortical surface area expansion between term birth and adulthood.  This map was 
constructed by comparing the fraction of total surface area occupied by each surface tile 
in the B12 adult population to its fraction in the term12 infant population.  Although 
every region of the cortex expands in absolute surface area, this expansion is strikingly 
non-uniform across the cortex.  Some regions (orange/yellow) expand as much as 4 fold 
postnatally, which we term “high expansion”, while others (blue) expand only about 2 
fold, which we term “low expansion”.  Overall, lateral temporal, lateral parietal, and 
dorsal frontal regions are regions of high expansion; posterior temporal, frontopolar, and 
dorsal parietal regions are intermediate; and medial temporal, occipital, and insular 
cortices are regions of low expansion. This pattern is quite similar for the two 
hemispheres for both the regions of high  and low expansion. 
 To determine which of these trends were statistically significant, we performed a 
threshold-free cluster analysis on the fractional surface areas in neonates and adults.  
Figure 4.5 shows the locations of significant clusters of high and low expansion overlaid 
on the cortical expansion maps for the right (Fig. 4.5A) and left (Fig. 4.5B) hemispheres.  
Black contours enclose regions that have expanded significantly more than average 
(significantly high expansion) between infancy and adulthood.  White contours enclose 
regions that have expanded significantly less than average (significantly low expansion).  
Although regions passing significance are more extensive in the left hemisphere, 
the distribution of relative expansion is generally similar in both hemispheres.  
Accordingly, we performed an interhemispheric analysis that provides greater sensitivity 
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in some regions based on symmetry between the two hemispheres (Van Essen et al., 
2006).  Figure 4.5C shows clusters that have significantly high expansion (black outlines) 
or low expanded (white outlines) in both hemispheres.  Although the right hemisphere-
specific analysis did not reveal significant clusters in the dorsal frontal, lateral parietal, 
orbitofrontal, or medial frontal regions, portions of these regions are significant when 
both hemispheres are considered together.  In summary, this supports an overall 
symmetry in regional patterns of postnatal cortical surface expansion. 
 We can better understand the morphological substrates of these relative expansion 
differences by examining individual fiducial surfaces (Fig. 4.6). The left half of Figure 
4.6 shows individual right hemisphere fiducial surfaces for the lateral temporal cortex, a 
region of significant high expansion, in three neonates and three adults.  The individuals 
were chosen to represent the full range of fractional surface areas within each age group 
by calculating the fraction of total cortical surface within a significant cluster of high 
expansion in the right lateral temporal cortex. For each age group, the top panel (Fig. 
4.6A) displays the individual with the smallest fractional surface area, the middle panel 
(Fig. 4.6B) displays the individual closest to the population mean, and the bottom panel 
(Fig. 4.6C) displays the individual with the greatest fractional surface area within the 
significant cluster.  In all panels the lateral temporal cortex is distinctly less convoluted at 
term, with the adult cortex displaying more sharply creased and more highly branched 
convolutions 
The right half of Figure 4.6 displays similar data for the medial temporal and 
occipital areas, which undergo significant low expansion.  The three panels similarly 
represent individuals with the least (Fig. 4.6D), closest to the population mean (Fig. 
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4.6E), and greatest (Fig. 4.6F) fraction of total cortical surface area within the significant 
cluster of low expansion in the right medial temporal cortex.  In contrast to the lateral 
temporal cortex the complexity of convolutions in the medial region is notably similar in 
infants and adults. 
 
Surface area expansion during evolution. Although directly studying cortical expansion 
in human evolution would require comparison to an evolutionary ancestor, inferences can 
be made through comparative studies with extant nonhuman primates (Kaas, 2008; 
Sherwood et al., 2008).  Human and macaque cortex differ approximately 10-fold in total 
surface area. The ratio of human to macaque cortical surface area is regionally very non-
uniform as inferred by interspecies surface-based registration using regions known or 
strongly suspected to be homologous as registration constraints (Van Essen and Dierker, 
2007a). Remarkably, the spatial pattern of evolutionary expansion is very similar to the 
map of postnatal cortical expansion (Fig. 4.7).  Figure 4.7A shows lateral, medial, dorsal, 
and ventral views for cortical expansion between the adult human and macaque. The map 
of postnatal cortical expansion for the right hemisphere is displayed below (Fig 4.7B). 
Although the absolute values of cortical expansion differ markedly (note scale), the 
regional distribution of expansion between these independently derived maps is 
impressively similar.  This is further confirmed by the correlation map for postnatal and 
evolutionary expansion (Figure 4.7C), which shows an overall greater prevalence of 
expansion correlation (red and yellow) than anti-correlation (green).  In other words, high 
expansion regions in human evolution tend to be those of high postnatal expansion, and 
similarly for low expanding regions.  Specifically, the dorsal frontal, medial frontal, 
 122 
lateral temporal and lateral parietal cortices are correlated by virtue of high postnatal and 
evolutionary expansion.  Medial temporal and occipital regions are correlated by virtue of 
low postnatal and evolutionary expansion.  Regions of intermediate evolutionary 
expansion, including the orbito-frontal, insular, and sensorimotor regions, show opposite 
trends for postnatal and evolutionary expansion.  
 
Discussion 
In the present study we have enhanced our understanding of cortical maturation 
by generating a hybrid surface atlas of human cerebral cortex that combines surface 
features from both term infant and adult populations.  We used this atlas to quantitatively 
examine regional non-uniformities in cortical expansion during postnatal development 
and human evolution. 
 
Postnatal cortical surface expansion. 
 We have shown previously that cortical surface area increases 3-fold between 
term birth and adulthood (see Chapter 3).  As nearly all neuronogenesis and neuronal 
migration are complete by term this increase in surface area is presumably dominated by 
local cellular events, including synaptogenesis, dendritic arborization, gliogenesis, and 
myelination (Rakic, 2002).  Unexpectedly the postnatal expansion of the cortex is non-
uniform by a factor of 2, ranging in expansion from 2-fold in low expansion regions to 4-
fold in high expansion regions.  We hypothesize that cellular and functional non-
uniformities either at term or in adulthood are the most important factors.  In particular, 
we hypothesize that regions of low expansion are more structurally and functionally 
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mature at term and/or have simpler cellular structure in adulthood than regions of high 
expansion.  In the following we discuss the evidence supporting each of these 
hypotheses, trends in developmental milestones predicted by postnatal expansion, and 
regions where the expansion is inconsistent with our hypotheses. 
 The top half of Table 4.1 (rows A-G) summarizes evidence for and against the 
proposed hypotheses. Across the top are selected cortical regions grouped according to 
their degree of relative postnatal expansion (low expansion, blue lettering; intermediate 
expansion, black lettering; high expansion, red lettering).  The rows identify cellular and 
functional factors relevant to our hypotheses, grouped into two broad categories: factors 
at term (rows A-E) and factors in adulthood (rows F, G).  The bottom half of Table 4.1 
(rows H-L) summarizes the accuracy of the postnatal expansion pattern in predicting the  
timing of developmental milestones.  Numbered entries identify the study/studies 
examining each factor.  Green boxes signify that the factor is consistent with our 
hypotheses (row A-G) or accurately predicts the timing of the developmental milestone 
(rows H-L) whereas pink boxes are not consistent/do not predict milestone timing.  
Figure 4.8A shows relevant regions of interest (ROIs) overlaid on the postnatal 
expansion map.  Black outlines identify ROIs based upon studies in humans and the 
colored spheres identify ROIs based upon studies in the macaque monkey.  ROIs from 
studies in the macaque were localized to their homologous location on the human cortex 
using an existing macaque to human cortical registration (Orban et al., 2004).  The 
corresponding locations of these ROIs on the macaque cortex are shown in Figure 4.8B, 
with the studies describing the nomenclature and localization for tissue sampling listed in 
the figure legend. 
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(i).  Hypothesis 1: Regions of high expansion are less functionally mature and 
structurally complex at term.  At term gestation regions that will subsequently undergo 
high postnatal expansion tend to be less structurally advanced and functionally mature 
and the opposite tendency holds true for regions of low expansion.  At a cellular level this 
is supported by data on synaptic density.  In low expanding visual (V1) and auditory 
cortex (Heschl’s gyrus) synaptic density is 50-100% greater and is closer to peak density 
in the newborn brain than the high expanding middle frontal gyrus (MFG) (Huttenlocher 
and Dabholkar, 1997).  Also, dendrites in human visual cortex are longer at term than 
those near the frontal pole (Travis et al., 2005).  The neonatal macaque visual cortex (V1) 
is close to mature dendritic spine density whereas the anterior prefrontal cortex (PFC) has 
approximately half the density found in adulthood (Elston et al., 2009).  In newborn 
humans local cerebral metabolic rate for glucose, measured with positron emission 
tomography (PET), is markedly higher (by 15-25%) in the low expanding medial 
temporal and visual cortex than in the high expanding dorsolateral prefrontal cortex 
(DLPFC) (Chugani and Phelps, 1986).  Cortical circuits in regions of high expansion may 
be more sensitive to postnatal experience and insult than those in regions of low 
expansion. 
Hypothesis 2: Regions of high expansion have greater cellular complexity in 
adults.  Evidence for regional non-uniformity in cellular complexity of adult cortex 
comes from quantitative studies of dendritic basal field area, arbor complexity, and spine 
number.  In general, low expanding regions tend to have smaller and more simply 
branched dendrites with fewer spines than high expanding regions.  In humans, dendritic 
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field areas in the lateral temporal cortex (Brodmann area 21) are nearly twice the size of 
those in the visual cortex (V2) (Elston et al., 2001). In the adult macaque the simplest 
dendritic branching patterns are seen in low expanding areas such as V1 and V2 of the 
occipital cortex (Elston and DeFelipe, 2002).  Dendritic complexity is intermediate in the 
intermediate-expanding areas 7a, LIPv, and MT of the dorsal parietal and posterior 
temporal cortex (Elston and Rosa, 1998; Elston, 2000).  Dendritic arbors in the high 
expanding frontal eye fields (FEF) of the dorsolateral prefrontal cortex, area 7b in the 
lateral parietal cortex, and area STP in the lateral temporal cortex are at least 2-3 times 
larger and more complex than those in V1 (Elston and Rosa, 1998; Elston et al., 2001; 
Elston, 2002; Elston and DeFelipe, 2002).  In adult humans, dendritic spine number is 
also regionally variable.  Dendritic arbors in the high expanding lateral temporal (area 21) 
and frontal (area 10) regions have greater than six-fold more spines and three-fold greater 
spine density than arbors in the low expanding visual cortex (V1) (Elston et al., 2001).  
Mechanistically, as synapses form and dendritic arbors develop, differential degrees of 
arbor size and complexity could result in regional differences in the distance between 
cortical minicolumns (Meyer, 1987; Mountcastle, 1997) with subsequent heterogeneity in 
the growth of the cortical surface.    
 
(ii).  Developmental milestones predicted by postnatal expansion.  As the cortex expands 
postnatally it is also maturing structurally and functionally.  The age that certain 
developmental milestones are reached is well predicted by the pattern of cortical 
expansion.  In general, low expanding regions tend to reach certain structural and 
functional milestones earlier than high expanding regions. At a cellular level the low 
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expanding visual (V1) and auditory (Heschl’s gyrus) regions reach mature synaptic 
density several years before the high expanding dorsolateral prefrontal cortex (DLPFC) 
(Huttenlocher and Dabholkar, 1997).  On a macroscopic level peak cortical thickness is 
attained earliest in the low expanding visual and medial temporal region, later in the 
intermediate-expanding frontopolar region, and latest in the high expanding lateral 
temporal and DLPFC regions (Shaw et al., 2008).  Similarly, gyral cortex reaches mature 
values of gray matter density early in the low expanding visual, later in the intermediate-
expanding dorsal parietal, posterior temporal, and frontopolar regions, and latest in the 
high expanding lateral temporal, lateral parietal, and DLPFC regions (Gogtay et al., 2004; 
Toga et al., 2006a). Direct function data obtained by PET imaging or via evoked activity 
recording provides further evidence.  During the first three months of life there is a 
greater increase in PET activity in the low expanding visual cortex than in high 
expanding DLPFC (Chugani and Phelps, 1986; Chugani, 1998). Activity in the low 
expanding auditory cortex in response to sound (Wakai et al., 2007) and medial temporal 
cortex in response to visually presented faces (Tzourio-Mazoyer et al., 2002) can be 
detected by PET imaging or scalp recording within the first two months of life.  In 
contrast, magnetic stimulation of the high expanding motor cortex does not result in a 
detectable muscle response in humans until 2 years of age (Nezu et al., 1997; Martin, 
2005).   
 
(iii) Inconsistencies.  The pink boxes in Table 4.1 identify one region of low expansion 
(medial temporal cortex), one of intermediate expansion (frontal pole), and one high 
expansion (sensorimotor cortex) where some factors are inconsistent with the expansion 
 127 
predicted by our hypotheses.  Perhaps the most striking inconsistency is found in the 
frontal pole.  In newborn humans and macaque monkeys the frontal pole has relatively 
small dendrites with few spines (Travis et al., 2005; Elston et al., 2009) that develop into 
large spinous dendrites in adulthood (Elston, 2000; Elston et al., 2001).  Together these 
predict high postnatal expansion similar to the DLPFC rather than the intermediate 
expansion (less than the DLPFC but more than the visual and auditory cortices) detected 
in this region. The medial temporal cortex (including region TE in the macaque and the 
fusiform face area in humans) is associated with face-processing in adults (Tsao et al., 
2003).  This region has a relatively higher PET signal at birth (25% greater local cerebral 
metabolic rate for glucose than the DLPFC) (Chugani, 1998) and reaches mature gray 
matter density relatively early (Gogtay et al., 2004), consistent with low expansion, but is 
also far from peak dendritic spine density at birth (Elston et al., 2009) and has complex 
dendritic trees in adulthood (Elston, 2000), inconsistent with low expansion. Finally, the 
sensorimotor cortex has relatively large dendrites (Travis et al., 2005) and relatively high 
resting state PET signal (Chugani and Phelps, 1986) in newborn humans and relatively 
small dendrites in adult macaques (Elston and Rockland, 2002).  All of these attributes 
are inconsistent with the high expansion of this region. 
 Further studies of the microstructure in these regions are needed to reconcile these 
apparent discrepancies.  For example, it is important to know if any of these regions have 
unusually high or low glial or neuronal densities that could help explain high  or low 
expansion, respectively.  Species differences might account for inconsistencies in the 
adult dendritic data, which are mostly derived from studies in the macaque.  
Developmental patterns of unique cell types, such as the large Betz cells of the motor 
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cortex, may also be impacting surface expansion.  In regions where some factors predict 
high and others predict low expansion it will be important to study how such factors 
interact with each other to impact expansion. 
Cortical thickness is another key structural measure that may play an important 
role.  In principle, regions of high expansion might reflect cortex that expanded in surface 
area preferentially instead of increasing in thickness and vice-versa.  However, this does 
not fit well with adult thickness data.  For example, the high expanding lateral temporal 
cortex, temporal pole, and precentral gyrus are among the thickest regions (3.5 to 4.5 
mm) whereas the low expanding visual cortex is one of the thinnest (approximately 2 
mm) (Fischl and Dale, 2000; Hutton et al., 2008).  Thus, to a first approximation regions 
of high developmental expansion tend to be thickest in adults and vice versa. The 
correlation is not perfect and noteworthy exceptions include the low expanding medial 
temporal and medial parietal cortices that are relatively thick (approximately 3 mm) in 
adults and the high expanding dorsal frontal cortex that is relatively thin (approximately 
2.5 mm) (Burggren et al., 2008; Venkatasubramanian et al., 2008).  To address this issue 
fully it is critical to know the distribution of cortical thickness at birth.  This is difficult to 
accurately discern from in vivo MRI datasets because of inadequate resolution in 
neonates.  Histological atlases of neonatal cortical structure suggest that, as in adults, 
cortical thickness varies regionally across the cortex following a similar pattern.  
Specifically, the neonate visual cortex is relatively thin (approximately 1 mm) and the 
pre-central gyrus is relatively thick (approximately 1.5 mm) as in adults (Bayer and 
Altman, 2003).   
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Evolutionary expansion.  Since their evolutionary divergence from a common ancestor 
approximately 25 million years ago (Stewart and Disotell, 1998) human cerebral cortex 
has outpaced the macaque approximately 15-fold in neuron number (Mountcastle, 1997; 
Herculano-Houzel et al., 2007; Kaas, 2008) and 10-fold in total cortical surface area.  
Cortical expansion in evolution is highly non-uniform (Van Essen and Dierker, 2007a) 
wherein some regions, including visual, medial temporal, and sensorimotor cortex, have 
expanded less than three-fold (low expansion) while other regions, including lateral 
temporal, lateral parietal, and frontal cortex, have expanded more than thirty-fold (high 
expansion).  “Hotspots” with the highest ratios are likely to be regions in which 
evolutionary expansion was especially rapid in the human lineage. 
The radial unit hypothesis of neocortical expansion (Rakic, 2000) postulates that 
mammalian cortical expansion during evolution is subtended by changes in cell cycle 
kinetics during neuronogenesis.  In brief, during the first six weeks of development 
neuronal precursors in the subventricular proliferative pool undergo several rounds of 
‘symmetric’ mitosis in which both daughter cells remain in the proliferative pool.  Each 
daughter cell gives rise to exactly one  ‘ontogenetic column’ that will ultimately develop 
into a mature minicolumn, the basic structural unit of the adult neocortex (Armstrong et 
al., 1991; Mountcastle, 1997; Casanova et al., 2007).  From this perspective, each round 
of symmetric mitosis strongly impacts the eventual surface area of the cortex.  In 
particular, three extra rounds of symmetric mitosis among all neuronal precursors would 
result in an order of magnitude (23) increase in the surface area of the cortex.   This 
difference is postulated to accounts for the approximate 10-fold larger cortical surface 
area in humans relative to the macaque (Rakic, 2007) but does not explain how regional 
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non-uniformities in expansion may arise. Evidence supporting some intrinsic 
specification of cortical areas during neuronogenesis (Rakic, 2000) suggests that attaining 
new or enlarged cortical areas through extra rounds of mitosis preferentially in specific 
proto-areas of the proliferative pool is a plausible evolutionary driving force for non-
uniform expansion.  However, since cortical surface area in the adult is determined by 
both the number and the width of cortical minicolumns, high expansion may have 
occurred in regions that evolved wider mini-columns owing to local cellular growth.  
We can investigate the impact of non-uniform increases in mini-column width on 
evolutionary expansion by examining the changes in the complexity of pyramidal cells, 
an important factor impacting minicolumn width (Elston and Rosa, 2000).  As the cortex 
in many primate lineages expanded through evolution pyramidal cells have increased the 
size of their dendritic trees, the complexity of dendritic branches, the number of dendritic 
spines, and the density of these spines.  Importantly, several of these changes are non-
uniform across different regions (Elston et al., 2005; Elston et al., 2006).  For example, 
dendrites in human and macaque visual cortex (V2) have comparable branching 
complexity whereas dendrites in the prefrontal cortex have 30-40% greater branching 
complexity in humans than the macaque (Elston et al., 2001).  Thus, non-uniformity in 
cortical surface expansion is partially subtended by evolving wider minicolumns through 
non-uniform changes in pyramidal cell structure.  However, these pyramidal cell non-
uniformities ranges less than two-fold across regions (Elston et al., 2006), which only 
accounts for part of the total 50-fold range of surface expansion.  Therefore, it is likely 
that regions of high expansion also evolved a greater number of minicolumns through 
preferentially more rounds of symmetric mitosis during neuronogenesis than regions of 
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low expansion.  
 
Comparison of Evolutionary and Developmental Cortical Surface Expansion.  In a 
striking example of ontogeny recapitulating phylogeny we found that regions of high 
expansion during human evolution tend to be regions of high postnatal expansion and 
vice-versa.  The lateral temporal, parietal, and frontal regions associated with high 
expansion both in human postnatal development and evolution are generally implicated 
in higher cognitive functions that distinguish humans from nonhuman primates 
(Sherwood et al., 2008).  Perhaps the cortical regions that expanded rapidly in evolution 
were also under evolutionary pressure to remain structurally immature during gestation.  
Such pressure might in principle arise from any of several possibilities: (i) to facilitate the 
contributions of postnatal experience to the development of selected regions; (ii) to 
minimize the use of prenatal resources for development of cortical regions less crucial for 
early survival; or (iii) to limit overall brain size at birth by focusing 
development/expansion primarily on those areas needed for immediate postnatal survival, 
thereby minimizing head size as a mechanical obstacle to emergence from the womb 
(Weiner et al., 2008).  Further insights on these issues may emerge from studies of brain 
circuitry during development that elucidate the nature, timing, and impact of intrinsic and 
extrinsic developmental signals that control the differentiation and maturation of cortical 
areas. 
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Concluding Remarks 
Using the PALS-TA24 atlas data set we found that postnatal expansion of the 
cortex is regionally non-uniform, which may reflect non-uniformities in cellular maturity 
at term and/or in cellular complexity in adulthood.  Postnatal experience may impact the 
development of cortical circuits preferentially in regions that undergo a greater amount of 
postnatal expansion.  Furthermore, comparing the adult human to the adult macaque 
reveals that the pattern of postnatal expansion is strikingly similar to the pattern of 
cortical expansion in human evolution suggesting that cortical regions that expanded 
rapidly in evolution were also under evolutionary pressure to remain structurally 
immature during gestation. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 133 
Figures & Tables 
 
 
Figure 4.1.  Generation of cortical surface reconstructions for a term infant (top) and adult (bottom).  (A) 
Example of a T2-weighted (term infant) and T1-weighted (adult) structural MRI volume.  (B) Right 
hemisphere mid-cortical segmentation volume overlaid on the structural MRI volume.  (C) Later (left) and 
medial (right) views of the fiducial surface reconstruction.  Non-cortical medial wall has been manually 
smoothed and blackened out. 
 
 
 
Figure 4.2. Conceptual framework for the PALS atlas approach.  White boxes represent individuals in their 
native space and colored boxes represent distinct population average atlases.  Black arrows indicate 
registration of individuals to distinct atlases and red arrows indicate inter-atlas registration.  See text for 
details. 
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Figure 4.3.  Registration landmarks and creation of PALS-TA24 registration target.  Individual, 
population, and population-average landmarks are shown on several surfaces.  Lateral views are displayed 
in the top row and medial views in the bottom row.  (A) Native mesh inflated surface configuration for one 
neonate individual overlaid with a map of sulcal depth.  The six landmarks (‘Core 6’) used for registration 
are displayed on the surface.  One the lateral surface these included the fundus of the central sulcus 
(yellow), Sylvian fissure (blue), and anterior half of the superior temporal gyrus (pink).  Medial landmarks 
include the calcarine sulcus (orange) and the cortical margin of the medial wall divided into dorsal (purple) 
and ventral (magenta) portions.  (B) Core 6 landmarks displayed on the native mesh spherical surface map 
for the same individual overlaid with a map of sulcal depth. (C) Core Six landmarks from both hemispheres 
(right and mirror-flipped left) of all 24 neonate and adult individuals projected to the standard mesh (73,730 
node) PALS-TA24 spherical map.  The standard mesh sphere was constructed by averaging the surface 
area of all 24 individual neonate and adult native mesh spherical maps.  (D) Average border trajectory of 
each landmark for the 12 adult and 12 neonate individuals separately displayed on the standard mesh 
sphere.  For the Sylvian fissure landmark the blue arrow denotes the average adult landmark and the red 
arrow denotes the average neonate landmark.  (E) Average border trajectory of each landmark for all 24 
neonate and adult individuals displayed on the standard mesh spherical map.  These average landmarks 
served as the target for surface based registration. 
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Figure 4.4.  Maps of postnatal cortical surface expansion on the standard mesh average inflated neonate 
surface for both hemispheres shown in lateral (A), medial (B), dorsal (C), and ventral (D) views.  These 
maps were constructed by comparing the proportion of total surface area occupied by each region of the 
cortex in adults to its proportion at term birth.  The absolute expansion scale indicates how many times 
larger the surface area is in adulthood relative to its area at term.  The relative expansion scale indicates the 
difference in proportion of total surface area at term birth and adulthood.  Maps are displayed on a 
logarithmic (base 2) scale. 
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Figure 4.5. Statistically significant clusters of non-uniform postnatal cortical surface expansion overlaid on 
the map of postnatal cortical expansion.  White contours enclose regions occupying a significantly smaller 
proportion of the cortex in adulthood than at term.  Black contours enclose regions occupying a 
significantly larger proportion of the cortex in adulthood than at term.  Thresholds for statistical significant 
for the right (A) and left (B) hemispheres were detected by threshold free cluster enhancement.  (C) 
Statistically significant clusters detected by interhemipsheric symmetry testing. 
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Figure 4.6.  Individual standard mesh fiducial surfaces for the over-expanding lateral temporal cortex (A-
C) and low expanding medial temporal/occipital cortex (D-F).  The white boxes at top shows the 
approximate region being analyzed.  For each region neonate surfaces are shown in the left column of 
panels and adult surfaces are shown in the right column of panels.  The individuals displayed are those 
whose surface area in the respective region takes up the smallest (A, D), closest to the population mean (B, 
E), and greatest (C, F) proportion of total cortical surface area in each age group. 
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Figure 4.7.  Evolutionary cortical surface expansion.  (A) Map of regional evolutionary cortical expansion 
between an adult macaque and the average human PALS-B12 atlas (right hemisphere only) shown in 
lateral, medial, dorsal, and ventral views. This map was constructed by comparing the proportion of total 
surface area occupied by each region of the cortex in the adult macaque to its proportion in the adult 
human. The evolution expansion scale indicates how many times larger the surface area is in humans 
relative to its area in the macaque. (B) Map of postnatal cortical expansion (right hemisphere) in the human 
for comparison.  See Figure 4.4 legend for details. (C) Correlation map comparing postnatal to evolutionary 
cortical surface expansion.  Regions where postnatal and evolutionary expansion is correlated (both low 
expansion or both high expansion) are show in red/yellow. Regions where postnatal and evolutionary 
expansion is anti-correlated (one of high and one of low expansion) are show in green.  The intensity of the 
scale indicates the strength of the correlation 
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Table 4.1.  Summary of cellular and functional factors hypothesized to contribute to non-uniform postnatal 
expansion. Across the top are selected cortical regions grouped according to their degree of relative 
postnatal expansion (low expansion, blue lettering; intermediate expansion, black lettering; high expansion, 
red lettering).  Rows indicate cellular and functional factors at term (A-E), dendritic factors in adulthood 
(F,G), and the timing when developmental milestones are reached (H-L).  Numbered entries identify the 
study/studies examining each factor. Green boxes signify that the factor is consistent with our 
hypotheses/accurately predicts the timing of the developmental milestone and pink boxes are not 
consistent/do not predict milestone timing.  
Row A: Synaptic density at term 
Row B: Percentage of peak synaptic density at term 
Row C: Dendritic size (total dendritic length) at term 
Row D: Percentage of peak dendritic spine density at term 
Row E: Local cerebral metabolic rate for glucose by positron emission tomography at term 
Row F:  Dendritic complexity in adulthood 
Row G: Dendritic Spine number in adulthood 
Row H: Age reaching mature synaptic density 
Row I:  Age reaching mature gray matter volume 
Row J:  Age attaining peak cortical thickness 
Row K:  Age that evoked cortical activity is detectable 
Row L:  Age that the cerebral metabolic rate for glucose reaches mature distribution pattern 
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Figure 4.8.  Regions of interest (ROIs) mapped to the result of postnatal  cortical expansion.  (A) Lateral, 
medial, ventral, and dorsal views of postnatal surface expansion (combined left and right hemisphere) 
overlaid with ROIs from human and macaque studies.  Black outlines and black arrows identify ROIs from 
studies in human.  Colored spheres indicate ROIs from studies in the macaque monkey.  (B) Lateral, 
medial, ventral, and dorsal views of the F99 macaque atlas labeled with the macaque ROIs from the top 
panel indicating the homologous location on the macaque. V1, primary visual cortex; V2, secondary visual 
cortex; MT, medial temporal visual region; STPp, visual region on the anterior bank of the superior 
temporal sulcus; TEpd, visual region on the inferior frontal gyrus; TEa, visual region on the posterior bank 
of the superior temporal sulcus; PFC, prefrontal cortex; LIPv, ventral part of the lateral intraparietal cortex; 
FEF, frontal eve fields; 10, Brodmann area 10; 21, Brodmann area 21; MFG, anterior third of the middle 
frontal gyrus; HG, Heschl’s gyrus.  Studies used to identify regions of interest: Elston et. al 1999 (V1, MT, 
TEa); Elston & Rosa 1998 (V2, LIP, MT, 7a, FEF); Elston et al. 2009 (TEpd, PFC) 
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Chapter 5 
Regional Alterations to Cortical 
Folding in Low-Risk Preterm Infants 
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Abstract 
We analyzed global and regional characteristics of cortical folding in a population of 
low-risk preterm infants at term equivalent postmenstrual age (PMA).  Accurate cortical 
surface reconstructions for each hemisphere of 12 low risk preterm infants were 
generated and compared to previously established reconstructions for 12 healthy term 
infants.  Global surface area, gyrification index, and cortical dimensions were calculated 
for each surface.  All surfaces were registered to the recently established PALS-term12 
atlas target and normalized for scale.  Population average maps of sulcal depth (distance 
from the cerebral hull), hemispheric depth difference, variability in sulcal depth and 3D 
position, average coordinate position, and local surface area were generated separately 
for term and preterm infants and compared.  Preterm infants had significant (p<0.05) 
bilateral global reductions in cortical surface area (15%), gyrification index (10%), and 
medio-lateral brain dimensions (10%).  Reductions in cortical folding and surface area 
were region specific and included significant bilateral reductions in the insular, lateral 
temporal, lateral parietal, and lateral frontal cortex.  Mean sulcal depth and variability 
magnitudes were decreased diffusely across the cortex in preterm infants at term 
equivalent PMA.  Significant shape differences between populations were detected in the 
inferior occipital and orbitofrontal regions.  These findings suggest that preterm birth in 
the absence of major cerebral injury is associated with global and regional-specific 
alterations in cortical folding. 
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Introduction 
Preterm birth, defined as birth before 37 weeks gestation, is a major public health 
issue worldwide.  Presently in the United States, more than 12% of all live births, 
approximately a half million infants, are born preterm each year.  Of these, 16% are born 
before 31 weeks gestation (Hamilton et al., 2009).  Although advances in newborn 
medicine have increased survival rates of very preterm infants to almost 90%, surviving 
preterm infants are at increased risk for developing lasting neurological impairments.  
Between 5 and 15% of infants weighing less than 1500 grams develop cerebral palsy and 
30- 50% develop neurobehavioral disorders (Inder et al., 2003; Neil and Inder, 2004) 
such as attention-deficit/hyperactivity disorder (ADHD) (Indredavik et al., 2005), low IQ, 
learning disabilities, decreased cognitive functioning (Anderson and Doyle, 2004), 
anxiety and depression (Hack, 2006).  To improve outcome it is imperative to understand 
the nature of cerebral injury and alterations in cerebral development in preterm infants. 
Recent advances in magnetic resonance imaging (MRI) have improved the 
detection of structural abnormalities associated with preterm birth.  Qualitative analysis 
of structural MRI and diffusion-weighted imaging has shown the cerebral white matter is 
particularly vulnerable to injury during the preterm period (Counsell et al., 2003; Inder et 
al., 2005a; Boardman et al., 2006).  Quantitative volumetric studies have revealed global 
reductions in cortical surface area, the complexity of cortical convolutions, and white and 
gray matter volumes in preterm infants at term equivalent postmenstrual age (PMA) 
(Ajayi-Obe et al., 2000; Inder et al., 2005b).  Volume reductions in white and cortical 
gray matter are region-specific, suggesting that some areas may be more vulnerable than 
others (Peterson et al., 2003; Thompson et al., 2007).  
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These structural abnormalities provide grounds for anticipating regional changes 
in the pattern of cortical folding in preterm infants at term equivalent PMA.  Although the 
mechanism of cortical folding remains unknown, one attractive theory posits that cortical 
connectivity plays an important role (Van Essen, 1997).  Accordingly, disturbances to 
cortical connections in preterm infants due to injury and/or extended periods of intensive 
care may adversely affect cortical folding.  In contrast to volumetric analyses, the 
regional impact of preterm birth on cortical folding has not been extensively studied 
despite the considerable folding that occurs during the third trimester of gestation (Chi et 
al., 1977; van der Knaap et al., 1996; Dubois et al., 2008a). 
We recently analyzed cortical structure in a population of healthy term born 
infants using a surface based approach (Chapter 3).  Surface based analyses have been 
valuable for identifying abnormalities of cortical folding associated with schizophrenia 
(Wisco et al., 2007; Csernansky et al., 2008), bipolar disorder (Fornito et al., 2007), 
attention deficit hyperactivity disorder (Wolosin et al., 2009), persistent developmental 
stuttering (Cykowski et al., 2008), Williams syndrome (Van Essen et al., 2006), and 
autism (Nordahl et al., 2007).  In the present study we used a surface based approach to 
detect regional abnormalities of cortical folding in a population of 12 low-risk preterm 
infants at term-equivalent PMA. 
 
Methods 
Subjects.  Twelve preterm infants (7 male, 5 female, mean gestational age 27 2/7 weeks) 
were recruited from St Louis Children’s Hospital.  Clinical criteria for the preterm cohort 
are listed in Table 1. Twelve term born infants (6 male, 6 female, mean gestational age 39 
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weeks) from uncomplicated pregnancies were recruited from St Louis Children’s 
Hospital (Chapter 3).  Inclusion criteria for the term cohort included no maternal history 
of major medical or psychiatric illness, no maternal medication treatment or substance 
abuse history during the pregnancy, gestation >36 weeks, prenatal care (>5 visits), 5-
minute APGAR score >8, no admission to a neonatal or special care nursing unit, and no 
risk for neurological abnormality (no antenatal cerebral abnormality detected by feta; 
ultrasound, no concerns for chromosomal abnormality or congenital or acquired 
infection, and no neonatal encephalopathy).  Institutional review boards approved all 
procedures and parents or legal guardians provided informed written consent for the 
study.   
 
MRI Scanning.  MRI scanning of all infants was undertaken between postmenstrual ages 
of 37 and 40 weeks (mean for preterm 38 1/7, mean for term 39).  Enrolled infants were 
transported and imaged by certified staff members.  An infant-size papoose bag (Contour 
fabrications, Inc., CFI Medical Solutions, Fenton, MI) was used for infant restraint.  
Sedation was not used.  Images were collected using a turbo spin echo (TSE) T2-
weighted sequence (TR/TE 8500/160 ms, voxel size 1 cubic mm, ETL 17) optimized for 
contrast-to-noise ratio on a Siemens 3T Trio located in St Louis Children’s Hospital.  
Images were read by a certified pediatric neuroradiologist and neonatalogist (study 
investigator T.I.) at St Louis Children’s Hospital.  Any image with significant movement 
artifact or any abnormality on conventional imaging was excluded from the analysis. 
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Qualitative Assessment of MRI.  MRI images were analyzed qualitatively for white 
matter injury (WMI) by a certified neonatologist blinded to the infant’s clinical history.  
WMI was given a grade of 1-4: Grade 1 was normal; Grade 2 was mild non-cystic; Grade 
3 was moderate to severe non-cystic; and Grade 4 was severe cystic abnormality (Inder et 
al., 2003). 
 
Image Processing.  DICOM files were converted into Analyze format image files using 
in-house software and aligned to the anterior commissure-posterior commissure (AC-PC) 
orientation and origin by rigid body translation and rotation using Caret software 
(http://brainvis.wustl.edu, (Van Essen et al., 2001a)).  Brain dimensions were not scaled 
prior to segmentation because inter-subject and regional intra-subject size and variability 
are of interest.  Each brain was cropped along the inter-hemispheric fissure for separate 
processing of left and right hemispheres. 
 Key steps in surface analysis are illustrated in Figure 5.1 and summarized below.  
For each hemisphere, a segmentation boundary running midway through the cortical mid-
thickness (cortical layer 4) was generated using the Local Intensity And Seed Expansion 
(LIGASE) method (Chapter 3).  Aiming for the cortical mid-thickness has the advantage 
that each square millimeter of surface area represents approximately the same cortical 
volume irrespective of gyral or sulcal location (Van Essen, 2005).   In general, each 
hemisphere contained some segmentation errors that required manual editing using tools 
in Caret.  A single trained individual (J.H.) with expertise in neonatal neuroanatomy 
carried out all segmentation and editing, thereby avoiding issues of inter-rater variability. 
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 Cortical surface reconstructions were generated for each hemisphere using tools 
in Caret.  A raw surface was generated by a tessellation running along the boundary of 
the segmentation volume. The raw surface was smoothed slightly to generate a ‘fiducial’ 
surface that best represents the 3D shape of the cortical mid-thickness. A closed contour 
along the boundary of cortex with the corpus callosum, basal forebrain, and the fundus of 
the parahippocampal fissure, designated the non-cortical medial wall, was manually 
delineated in Caret.  An inflated configuration was generated by applying 300 iterations 
of inflation to the fiducial surface.  A flat map, which assisted in landmark tracing, and a 
spherical surface used for registration were also generated for each surface (Van Essen, 
2005). 
 Sulcal depth maps were created for each hemisphere.  A cerebral hull 
segmentation volume running along the margins of gyri without dipping into sulci was 
generated by applying six iterations of dilation followed by six iterations of erosion to the 
mid-cortical segmentation (Van Essen, 2005).  A cerebral hull surface was generated by 
tessellating this cerebral hull segmentation volume. An affine transformation that 
normalized for overall brain dimensions in each population (see below) was applied to 
both the fiducial and cerebral hull surfaces.  Sulcal depth was defined as the distance 
from each node on the fiducial surface to the nearest point in the cerebral hull surface. 
 Cortical surface area, gyrification index (GI), and cortical dimensions along the 
anterior-posterior, inferior-superior, and medio-lateral axes were computed for each 
hemisphere.  Cortical surface area was computed by summing the area of all tiles on the 
fiducial surface after excluding the non-cortical medial wall.  GI was computed by 
dividing the fiducial cortical surface area by the surface area of the cerebral hull surface 
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(excluding the non-cortical medial wall).  For each axis, cortical dimension was 
computed by projected the node at the furthest extent of each axis to that axis and 
calculating the Euclidean distance. 
 
Registration and scale normalization.  Cortical surfaces and sulcal depth maps for all 
individuals were registered to the PALS-term12 atlas using landmark-based registration. 
Six highly consistent surface landmarks (‘Core six’) were drawn on each individual’s 
flattened cortical surface and used to register each individual’s spherical surface to the 
PALS-term12 atlas sphere.  The six landmarks consisted of the anterior half of the 
superior temporal gyrus, fundi of the central sulcus, Sylvian fissure, and calcarine sulcus, 
and dorsal and ventral segments of the medial wall (Chapter 3).  Briefly, the registration 
algorithm uses multiple cycles of landmark-constrained smoothing, coupled with shape-
preserving morphing iterations that reduce local linear and angular distortions (Van Essen 
et al., 2001b; Van Essen, 2004).  After registration each individual hemisphere was 
resampled to the standard-mesh tessellation, thereby establishing node-to-node 
correspondences among all individuals. 
 To accurately compare population-average metrics (below), the effects of variable 
brain size were removed by scaling each individual fiducial surface to the PALS-term12 
average fiducial surface as described previously (Chapter 3).  In brief, an affine 
transformation of each surface was computed by minimizing the mean square error 
between the transformed individual surface and the PALS-term12 population average 
surface (Yu et al., 2007).  These affine transformed surfaces were used for all subsequent 
analyses. 
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Average surfaces and metrics.  Group specific average fiducial surfaces were generated 
on the standard mesh by taking the average 3D spatial coordinate of each affine-
transformed surface node from all 12 preterm and all 12 term infants separately.  The 
standard deviation of the 3D coordinate position was calculated to create maps of 3D 
variability.  Group-specific, population-average maps of sulcal depth and variability were 
created by calculating the mean and standard deviation of sulcal depth at each node 
across the cortex separately for term and preterm infants. Group-specific, population-
average maps of hemispheric depth difference were generated by subtracting the average 
sulcal depth map for the right hemisphere from that for the left hemisphere separately for 
term and preterm infants. 
 
Group comparisons.  Preterm infants were compared to term infants by creating surface 
area ratio and 3D coordinate difference maps.  Area ratio maps were computed separately 
for each hemisphere.  For each individual, a local surface area was assigned to each node.  
Because each node is associated with multiple tiles and each tile is composed of 3 nodes, 
the surface area assigned to each node was one-third the total surface area of all tiles 
associated with it.  Mean area maps were calculated by averaging the local areas at each 
node across all 12 preterm and all 12 term infants separately.  The area ratio map was 
constructed by dividing the mean fractional area maps of the term by the preterm infants.  
Results were displayed on a logarithmic (base 2) scale.   Maps of 3D coordinate 
difference were constructed by calculating the Euclidean distance between corresponding 
points on average fiducial surfaces for term and preterm populations. 
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Smoothing.  Maps of sulcal depth variability, 3D positional variability, and fractional 
surface area were smoothed using an average neighbors algorithm (Hagler et al., 2006) in 
which the value at a node is replaced by the average with its immediate neighbors.  All 
smoothed maps were generated after 10 iterations of smoothing, corresponding to a 5-6 
mm smoothing kernel. 
 
Statistical Analyses.  Significant differences in local surface area and coordinate position 
were detected, respectively, using (i) a two-sample t-test and (ii) a one-way analysis of 
variance (ANOVA) test. 
(i) Two-sample t-test.  Separately for each hemisphere, (a) a two-sample t-statistic 
was calculated with no spatial smoothing at each surface node from the distribution of 
term and preterm infant nodal surface areas.  The t-statistic was computed as the mean 
term infant area minus mean preterm infant area divided by the unpooled standard error.  
The t-map was subsequently smoothed 4 iterations at 0.5 strength using the average 
neighbor algorithm noted above.  (b) The group identities (term or preterm infant) of each 
individual fractional area map were randomized 2500 times and corresponding t-maps 
were generated.  (c) To determine statistical significance a surface-based equivalent to 
the threshold-free cluster enhancement (TFCE) test was implemented (Smith and 
Nichols, 2009) (Chapter 3). Each t-map was transformed to a TFCE-map by applying the 
TFCE transform to the t-statistic at each surface node according to the following 
equation:   
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TFCE(p) = e(h, p)
h0
hf
! *h
2
dh
 (1) 
where h is the threshold applied to the t-map; e(h, p) is the extent of the cluster 
(suprathreshold contiguous nodes of the same sign) at threshold h containing the node p; 
The integral was approximated numerically and the bounds of the integral, h0 and hf, 
were 0 and the maximum t-value across all nodes respectively.  A TFCE maximum value 
distribution was created from the maximum TFCE score for each permutation.  The 
TFCE value corresponding to the 95th percentile of this TFCE maximum value 
distribution was set as the cutoff for statistical significance on the actual (non-permuted) 
t-map. 
(ii) One-way ANOVA.  Separately for each hemisphere, (a) an F-statistic was 
calculated (with not spatial smoothing) at each surface node from the distribution of term 
and preterm infant coordinate positions.  (b) The group identities (term or preterm infant) 
of each individual coordinate map were randomized 2500 times and corresponding F-
statistical maps were generated. (c) The threshold for statistical significance was 
determined using the TFCE test as above. 
 
Results  
Subjects 
The preterm infants were selected from a cohort of 60 preterm infants (<30 weeks 
gestation at birth) by virtue of having the least evidence of cerebral injury throughout 
their course in the neonatal intensive care unit.  Accordingly, they comprise the least 
injured and least at risk preterm infant group.  Clinical characteristics of the preterm 
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infants are listed in Table 1.  Importantly, this cohort had a low incidence of, inotropic 
support, postnatal steroid therapy, and intrauterine growth restriction.  None had presence 
of grade 3-4 white matter injury or intraventricular hemorrhage.   
 
Global Analyses. 
 
Cortical surface reconstructions for 12 healthy term and 12 low-risk preterm 
infants were analyzed.  The left half of Table 2 shows comparison of several global 
measures of preterm and term infants in their native space configurations.  On average, 
cortical surface area (excluding the non-cortical medial wall) was significantly reduced 
by approximately 15% bilaterally in preterm infants.  To evaluate factors that may be 
contributing to this decrease, we evaluated the gyrification index (GI), a surface-area 
independent measure of folding, and brain dimensions along the medio-lateral (ML), 
anterior-posterior (AP), and inferior-superior (IS) hemispheric diameters.  Preterm infants 
had significant bilateral reductions of approximately 10% in both the GI and the ML 
diameter, suggesting that surface area reductions are the result of both smaller brain 
dimensions and reduced folding.  
 The morphological substrates underlying these reductions can be appreciated by 
viewing native space surface configurations.  Figure 5.2 shows lateral (top), dorsal, and 
ventral (bottom) views of two representative (closest to the population mean for native 
surface area) term (left) and preterm (right) infants.  The dorsal and ventral views 
demonstrate that the ML diameter is notably reduced in preterm infants.  These 
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representations also suggest regional differences in folding complexity (blue arrow) and 
cortical shape (white arrow) may exist.   
To evaluate regional differences systematically and quantitatively, we registered 
preterm infants to the PALS-term12 atlas (Chapter 3).  In addition, we reduced the effects 
of variable brain size within and different brain dimensions between populations on 
subsequent analysis by employing surface based scale normalization.  The right half of 
Table 2 shows the combined effects of registration and scale normalization on surface 
area and brain dimensions.  Overall, individual variability in all measures was reduced 
and cortical dimensions of the two populations were brought into greater concordance.  
 
Regional Analyses 
 
Sulcal Depth and Variability.  Figure 5.3 shows lateral (top) and medial (bottom) views 
of population average maps of the right hemisphere mean sulcal depth (Fig. 5.3A), 
hemispheric depth difference (Fig. 5.3B), and individual variability in both sulcal depth 
(Fig. 5.3C) and spatial position (Fig. 5.3D) for term (rows 1, 3) and preterm (rows 2, 4) 
infants (Maps for the left hemisphere are given in Figure 5.4).  As these maps were 
normalized for overall brain dimensions, the magnitude and variability in each measure 
was minimally affected by differences in total brain dimensions.  The pattern of each map 
is similar in both populations, indicating a consistent distribution of highly folded areas 
(dark regions on mean depth map), large hemispheric depth difference (red and blue 
region on depth difference maps), and individual variability.  However, the magnitudes of 
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each measure are notably smaller for preterm infants, suggesting that sulci are shallower 
and less variable in nearly every region of the cortex.   
 
Cortical Shape.  Figure 5.5 shows average fiducial surface reconstructions of both 
hemispheres in lateral (left) and medial (right) views for term (top) and preterm (bottom) 
infants.  These representations suggest several regions that may be different in shape in 
each population.  On average, the inferior occipital cortex (yellow arrow) extends further 
inferiorly in the preterm than term infants.  The orbitofrontal region (white arrow) is 
notably shorter in preterm infants along the anterior-posterior axis, extending further 
posterior and overlapping medial temporal cortex to a greater extent in term infants. 
 We quantitatively evaluated regional shape differences between term and preterm 
populations by constructing maps of average Euclidean distance between corresponding 
points for each population (Fig. 5.6).  Values less than 1.5 mm are shown in gray.  This 
quantitative comparison confirms that large and expansive differences in the orbitofrontal 
and occipital regions exist.   In addition, there are several other less extensive regions of 
mean shape difference in the lateral temporal, lateral frontal, and lateral parietal regions.  
We used a two-sample t-test to detect statistically significant differences in coordinate 
distance between populations.  The black contours in Figure 5.7 enclose clusters of nodes 
that passed significance by this test.  The largest regions of shape difference include the 
right orbitofrontal and bilateral occipital cortex. 
 To better understand the morphological underpinnings of shape difference in the 
orbitofrontal region, we examined average individual fiducial surfaces.  Figure 5.8 shows 
ventral views of right hemisphere fiducial surfaces (in atlas space after scale 
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normalization) for 4 term (top) and 4 preterm (bottom) infants.  The leftmost two infants 
have the shallowest and/or shortest and the rightmost two infants have the deepest/longest 
olfactory sulcus (black arrow) in each population.  The preterm infants demonstrate 
shallow olfactory sulci with distinctly fewer convolutions in this region than the term 
infants, although the preterm infants with the deepest olfactory sulcus resemble their term 
counterparts.  Additionally, the posterior extent of the olfactory sulcus (white arrowhead) 
tends to overlap with the anterior extent of the temporal lobe more in term infants than 
preterm infants.  This direct comparison suggests that although no single shape 
characteristic discriminates between preterm and term infants, population biases may 
exist that account for the statistically significant differences seen in the population 
averages. 
 
Local Surface Area.  To determine if specific regions of the cortex are preferentially 
contributing to the global differences in surface area and folding, we compared surface 
areas between term and preterm populations at all points on the cortex.  Maps of the ratio 
of surface area between each population are shown in Figure 5.9.  As differences in brain 
dimensions between the two populations were reduced through surface based scale 
normalization, the local surface area differences are mainly due to differences in cortical 
folding.  Most regions of the cortex have reduced surface area in preterm infants 
(orange/yellow), although a small number of regions are larger in the preterm population 
(blue).  Among the regions that are reduced in surface area, some regions (yellow) are 
more reduced than others (orange).  In particular, the greatest surface area reductions tend 
to be centered radially about the insula and include insular, lateral temporal, lateral 
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parietal, and dorsal prefrontal cortex.  To determine which of these trends were 
statistically significant, we performed a two-sample t-test on the local surface areas in 
term and preterm infants and adults.  Black contours in Figure 5.10 enclose regions of 
significant difference in local surface area difference overlaid on the area ratio map.  
None of the regions that had larger surface area in preterm infants were statistically 
significant. 
 
Discussion 
We used a surface-based approach to characterize a number of global and regional 
alterations in cortical size, shape, and folding in low-risk preterm infants at term 
equivalent postmenstrual age.  Globally, we found significant bilateral reductions in 
cortical surface area in the preterm population, which were subtended by reductions in 
both folding and cortical dimensions.   These findings are consistent with reductions in 
folding and surface area observed in the presence of more focal brain lesions (Ajayi-Obe 
et al., 2000).  Together with our result, this suggests that impairments of brain growth 
occur during the neonatal period in low- and high-risk populations.  In contrast, a recent 
volumetric study by Boardman and colleagues of low-risk preterm infants with no 
evidence of focal brain lesions found no significant reduction in total cerebral volume at 
term equivalent postmenstrual age compared with term born infants.  These authors 
concluded that brain growth may be preserved in low-risk infants (Boardman et al., 
2007).  From a geometric perspective, reductions in surface area and folding without a 
change in total volume are possible.  Although we did not measure tissue volumes in this 
study, the present result suggests that surface measures may be more sensitive to cerebral 
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injury in low risk preterm infants than volumetric measures.  This apparent discrepancy 
may be also accounted for by differences in patient characteristics; the Boardman cohort 
consisted of preterm infants with a greater range of gestational ages at birth (24-34, mean 
29.9 weeks) and at scan (38-45, mean 40.6 weeks).   
Volumetric studies in preterm children at 8 years of age have found that the global 
gyrification index was not significantly different from term born children, although a 
selective increase in gyrification in the temporal lobe was detected (Kesler et al., 2006).  
Together with the present result this suggests that either delayed or compensatory cortical 
folding may occur during early childhood.   
Altered head dimensions resulting in scaphocephalic head shape are common in 
preterm infants due to weakened neck muscle tone resulting in a lateral resting position of 
the head (Huang et al., 1998).  Similarly, bi-frontal and bi-parietal diameters are 
selectively reduced in MRI volumes of preterm infants (Nguyen The Tich et al., 2009).  
Consistent with this, we found that hemispheric diameter in preterm infants was 
preferentially reduced along the medio-lateral axis. 
 
Sulcal Depth and Variability.  In humans, the pattern of cortical folding is regionally 
variable, with some regions being more consistent in shape than others (Thompson et al., 
1996; Van Essen, 2005; Van Essen and Dierker, 2007a).  This pattern is largely 
established by term birth and changes only modestly thereafter (Chapter 3).  We found 
that, although the same pattern is established in preterm infants, the average depth of 
sulci and the amount of variability is decreased diffusely across the cortex. 
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The human cerebral cortex is composed of a complex arrangement of perhaps 200 
anatomically and functionally distinct cortical areas (O'Leary et al., 2007; Kaas, 2008) 
that are connected by thousands of cortico-cortical pathways (Felleman and Van Essen, 
1991). The role of cortical connectivity in cortical folding is predicted by the theory of 
tension based folding (Van Essen, 1997) and supported by several lines of evidence 
(Deipolyi et al., 2005; Hilgetag and Barbas, 2006; Neal et al., 2007).  This theory 
postulates that sulcal depth and variability are largely driven by the density and 
variability of cortical connections between areas, respectively.  Although reductions in 
sulcal depth and variability may, in principle, be independent, we postulate that the high 
risk for diffuse white matter injury in preterm infants (Counsell et al., 2003; Inder et al., 
2005a) results in diffuse reductions in both the density and variability of cortical 
connections with a subsequent impact on cortical shape.  Examining the effects of focal 
white matter injury on cortical shape will be a first step toward to test this hypothesis. 
 
Cortical Shape.   We found that cortical shape was significantly different in the visual 
cortex of low-risk preterm compared to term infants.  This susceptibility to structural 
alterations is consistent with reductions in inferior occipital gray matter volumes reported 
in preterm infants (Peterson et al., 2003).   The shape of the occipital cortex may be 
influenced by the size and shape of the cerebellum, which lies directly below and is 
known to have decreased dimensions (Nguyen The Tich et al., 2009) and diminished 
volume (Peterson et al., 2000) in preterm infants.  Further studies examining the 
relationship between the size of the cerebellum and the shape of the visual cortex will 
help test this hypothesis.  
 159 
Preterm infants experience delay in several types of cortical visual processing 
both in the presence (Atkinson et al., 2002; Ricci et al., 2006; Atkinson et al., 2008) and 
absence (Birtles et al., 2007) of major cerebral abnormalities.  The visual system begins 
development in early fetal life, reaching structural and functional maturity at 
approximately 3 years of age (Graven, 2004).  During normal visual development, 
genetic signals and endogenous neuronal activity guide in utero maturation whereas 
external visual stimuli mainly guide postnatal maturation.  Preterm infants experience 
visual stimuli earlier and in a potentially different manner than term infants.  For 
example, before 34 weeks gestation, pupillary reflexes and constriction are limited and 
the eyelids are thin, all of which decrease the ability of preterm infants to limit light entry 
to the eye (Graven, 2004).  These differences, coupled with the unique sensory 
environment of the neonatal intensive care unit (NICU), may contribute to the structural 
and functional impairments of the visual cortex associated with preterm birth.  
Significant shape differences were also detected in the orbitofrontal cortex 
including an olfactory sulcus that was substantially shorter and shallower in several 
preterm infants.  The orbitofrontal region has been show to have smaller GM and WM 
volumes in preterm infants (Thompson et al., 2007) and folding abnormalities in preterm 
adolescents (Gimenez et al., 2006).  Shallower depth and shorter length of the olfactory 
sulcus has been associated with Williams syndrome (Van Essen et al., 2006), a disease 
that shares clinical characteristics with preterm birth such as cognitive impairment and 
reduced IQ (Pober and Morris, 2007).  The orbitofrontal region is involved in emotional 
processing and lesions result in irresponsibility, irritability, and increased ease of 
frustration, many of which are also common behaviors in preterm infants (Thompson et 
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al., 2007; Rolls and Grabenhorst, 2008).  This region is also involved in assigning 
emotional value to sensory stimuli including touch, taste, vision, and olfaction (Rolls and 
Grabenhorst, 2008).  Accordingly, alterations may contribute to the sensory integration 
impairments associated with preterm birth (Allin et al., 2006).  Imaging studies using 
near-infrared spectroscopy have shown that neural circuitry in the orbitofrontal region is 
sensitive to unpleasant disinfectant odors common to NICU settings (Bartocci et al., 
2001), suggesting that environmental stimuli unique to preterm infants may affect 
development in this region. 
 
Cortical Folding and Surface Area.  The global reduction in cortical surface area in 
preterm infants was partly subtended by significant reductions in cortical folding that 
were non-uniformly distributed across the cortex.  The most substantial folding 
reductions were found in insular, lateral temporal, lateral frontal, and parietal regions.  
Developmental studies in mice (Smart, 1983) and non-human primates (Smart et al., 
2002; Kroenke et al., 2007) have suggested that a cortical maturational gradient exists 
that is centered about the insula; neuronal migration and differentiation occur earliest 
near the insula, with more distant regions developing progressively later.  This 
maturational gradient persists into the third trimester, as evidenced by a recent study of 
cortical maturation in a baboon model of preterm birth (Dieni et al., 2004; Kroenke et al., 
2007).  The present result suggests that areas where neuronal migration and 
differentiation are most advanced have the greatest reductions in cortical folding at term-
equivalent postmenstrual age.  This distribution may be due to either a greater 
susceptibility to injury or an earlier manifestation of folding abnormalities in the earlier 
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developing regions.  Follow-up studies on this cohort will help discriminate these 
possibilities. 
 This pattern of structural alterations is consistent with volumetric and 
histopathology studies of preterm birth.   Gray and/or white matter volumes are reduced 
in the sensorimotor and lateral frontal regions at term-equivalent postmenstrual age 
(Peterson et al., 2003; Thompson et al., 2007) and these reductions persist into childhood 
and adolescence (Peterson et al., 2000; Kesler et al., 2004; Nosarti et al., 2008).  The 
lateral temporal cortex is highly susceptibility to gray and white matter injury during the 
preterm period (Dieni et al., 2004) and to alterations of tissue volume and cortical folding 
in childhood and adolescence (Peterson et al., 2000; Kesler et al., 2006; Kesler et al., 
2008; Nosarti et al., 2008).  Many of the volume reductions are associated with poor 
cognitive development at two years (Peterson et al., 2003) and reduced IQ at eight 
(Peterson et al., 2000).  Following the developmental outcome of this cohort will be 
critical to determining whether the cortical shape abnormalities detected here are 
predictive of adverse outcome.    
 
Concluding Remarks 
 We have used the PALS-term12 atlas to reveal several global and regional 
alterations of cortical structure in low-risk preterm infants.  These results suggest that 
impairments of brain growth occur during the neonatal period in the absence of 
qualitative cerebral injury.  Follow-up of this cohort will help elucidate how these 
alterations affect clinical outcome. 
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Figures & Tables 
 
 
Figure 5.1.  Key steps in cortical surface generation and regional depth analysis.  (A) Example right 
hemisphere cortical segmentation volume (red) overlaid on anatomic T2-weighted MRI volume. (B) 
Cerebral hull segmentation volume used for calculating sulcal depth.   (C) Lateral view of a fiducial surface 
reconstruction generated by a tessellation running along the boundary of the cortical segmentation volume 
and slight smoothing.  (D) Lateral view of the cerebral hull surface generated by a tessellation that runs 
along the boundary of the cerebra hull segmentation volume.  (E) Lateral view of an inflated surface 
displaying a map of sulcal depth. 
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Table 5.2.  Comparison of global surface area, folding, and cortical dimensions between term and 
preterm infants.  Native space measures are listed on the left side of the table.  Measures after registration 
to the PALS-term12 target atlas (atlas space) and surface-based scale-normalized are listed on the right 
side.  Significant differences between term and preterm populations for native space measures are noted in 
bold.  Significant differences in atlas space measures included bilateral surface area (p<0.001), bilateral ML 
dimensions (p<0.05), and IS dimensions (p<0.05).  SA, surface area; GI, gyrification index; ML, 
mediolateral axis; AP, anterior-posterior axis; IS, inferior-superior axis; SD, standard deviation. 
 
 
Figure 5.2.  Individual folding patterns.  Native space fiducial reconstructions for two term (left) and 
preterm (right) infants in lateral (top) and dorsal and ventral (bottom) views are shown.  For each 
population the two infants displayed have surface areas closest to the population mean.  White arrows 
indicate regions that may have shape differences between each population.  Blue arrows indicate regions 
that may have differences in folding complexity between populations.  Native space dimensions along the 
ML axis are notably reduced in preterm infants. 
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Figure 5.3.   Right hemisphere population-average maps for the term and preterm infants.  Rows 1 
and 2 show lateral views for a population of 12 term and 12 preterm infants, respectively. Rows 3 and 4 
show corresponding medial views for term and preterm infants, respectively.  All maps were generated 
after registration and surface based scale normalization.  (A) Average sulcal depth maps.  (B) Mean 
hemispheric depth difference.  Red regions are deeper on the right and blue regions deeper on the left.  (C) 
Individual variability (standard deviation) in sulcal depth. (D) Individual variability (standard deviation) in 
3D coordinate position.  Red/yellow regions have high variability and blue/green regions have low 
variability.  Variability maps have been modestly smoothed.  All maps are displayed on the PALS-term12 
standard-mesh average inflated surfaces. 
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Figure 5.4.   Left hemisphere population-average maps for the term and preterm infants.  Rows 1 and 
2 show lateral views for a population of 12 term and 12 preterm infants, respectively. Rows 3 and 4 show 
corresponding medial views for term and preterm infants, respectively.  All maps were generated after 
registration and surface based scale normalization.  (A) Average sulcal depth maps.  (B) Individual 
variability (standard deviation) in sulcal depth. (C) Individual variability (standard deviation) in 3D 
coordinate position.  Red/yellow regions have high variability and blue/green regions have low variability.  
Variability maps have been modestly smoothed.  All maps are displayed on the PALS-term12 standard-
mesh average inflated surfaces. 
 
 167 
 
Figure 5.5.  Average fiducial surfaces.  Population average fiducial surface reconstructions for term (top) 
and preterm (bottom) infants in lateral (left) and medial (right) views.  Arrows identify potential shape 
differences in the occipital (yellow) and orbitofrontal (white) regions. 
 
 
Figure 5.6.  Average coordinate distance maps.  Average Euclidean distance between corresponding 
points on average term and preterm fiducial surface reconstructions.  Regions with a distance less than 1.5 
mm are shown in gray.  All maps are displayed on the PALS-term12 standard-mesh average inflated 
surfaces. 
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Figure 5.7.  Statistically significant clusters of coordinate difference.  Black contours identify regions of 
significant difference in coordinate distance.  Statistical significance was determined by a two-sample t-test 
and cluster free threshold enhancement. 
 
 
Figure 5.8.  Individual folding patterns in the orbital frontal region.  Fiducial surface reconstructions 
for four individual term (top) and preterm (bottom) infants.  The two infants from each population with the 
shallowest (left) and deepest (right) olfactory sulcus are displayed.  For each infant the black arrows 
identify the olfactory sulcus and the white arrowhead identifies the posterior extent of the olfactory sulcus.  
Surface reconstructions are post registration and surface-based scale normalization 
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Figure 5.9.  Local reductions in cortical folding.  Maps of the ratio of local surface area in term and 
preterm infants.  Orange/yellow have reduced surface area in preterm infants and blue regions have reduced 
surface area in term infants.  Surface area differences of less than 10% are shown in gray. All maps are 
displayed on the PALS-term12 standard-mesh average inflated surfaces.  Results are displayed on a 
logarithmic (base 2) scale. 
 
 170 
 
Figure 5.10.  Statistically significant clusters of local surface area difference overlaid on the surface 
area ratio map.  Black contours enclose regions that are significantly different in surface area in preterm 
and term infants.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 171 
 
 
 
 
Chapter 6 
Looking Forward 
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The work presented in the preceding chapters has improved our understanding of normal 
cortical structure at term gestation, non-uniformities in postnatal cortical expansion, and 
structural alterations associated with low-risk preterm birth.  These observations can be 
expanded upon by future studies along several lines: (i) clinical follow-up of the low-risk 
preterm cohort; (ii) assessment of high-risk preterm infants; (iii) characterization of 
preterm development during the third trimester; and (iv) longitudinal intra-subject 
assessment. 
 
(i) Clinical follow-up of the low-risk preterm cohort.  We have shown that low-risk 
preterm birth is associated with global and region-specific alterations to cortical shape 
and folding at term equivalent (Chapter 5).  Volumetric studies provide evidence that 
structural alterations in preterm infants (Peterson et al., 2003) and children (Peterson et 
al., 2000) are associated with cognitive impairment.  Importantly, tissue volume and 
cognitive development scores may normalize during adolescence selectively in preterm 
females (Kesler et al., 2008).  Critical to understanding the clinical significance of 
cortical folding alterations are follow-up studies assessing whether these alterations 
persist during post-term development and/or are associated with adverse 
neurodevelopmental outcome. 
 
(ii) Assessment of high-risk preterm infants.  The preterm cohort studied in Chapter 5 was 
at low risk for developing neurological impairments.  In contrast, preterm infants 
experiencing fever, infection, bronchopulmonary dysplasia, intrauterine growth 
retardation, intraventricular hemorrhage, or periventricular leukomlalcia during the 
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perinatal period are at higher risk for poor outcome (Singer et al., 1997; Geva et al., 
2006).  Studying cortical structure in a high-risk cohort of preterm infants will improve 
our understanding of the pathways through which these factors may influence cortical 
development. 
 
(iii) Characterization of preterm development during the third trimester.  The tremendous 
amount of cortical folding that occurs during the third trimester has been described 
previously (Chi et al., 1977; Dubois et al., 2008a) and is illustrated in Figure 6.1.  This 
figure shows lateral (top) and medial (bottom) views of cortical surface reconstructions 
for infants born at several postmenstrual ages throughout the third trimester.  To date 
there has not been a systematic and quantitative analysis of regional folding 
characteristics during this period.  Regional characterization of sulcal depth, individual 
variability, and the presence/absence of hemispheric depth asymmetries at each 
gestational age will be facilitated by the generation of age-specific target atlases (Chapter 
3).  Comparisons of shape features and examination of the regional surface expansion at 
different gestational ages will be facilitated by the generation of hybrid target atlases 
(Chapter 4).  Studying when the patterns of mean sulcal depth, hemispheric depth 
difference, and individual variability present in term infants and adults become 
established will help elucidate the cellular factors that may subtend them.  Examining the 
pattern of prenatal cortical expansion may reveal regional differences in susceptibility to 
prenatal injury and elucidate the cellular mechanisms responsible for prenatal growth. 
 
 174 
(iv) Longitudinal intra-subject analysis.  The studies in the preceding chapters and the 
future studies proposed above examine cross-sections of the population.  These studies 
can be complimented by quantifying longitudinal changes in cortical structure in 
individual subjects over time.  Registration approaches to intra-subject analyses have the 
advantage that all landmarks consistently identifiable within an individual at different 
time points can be used to constrain the registration.  Accordingly, the likelihood of mis-
registration is reduced.  A preliminary example of an intra-subject analysis is illustrated 
in Figure 6.2.  This figure shows lateral (top) and medial (bottom) views of a single 
preterm infant at 28 (left) and 37 (center) weeks postmenstrual age and a map of cortical 
surface expansion between these two time points (right).  Similar to the postnatal 
expansion described above (Chapter 4), prenatal expansion in this subject is non-uniform.  
Importantly, the patterns of prenatal and postnatal expansion share both similarities and 
differences.  The lateral temporal (brown arrow) and dorsal frontal (blue arrow) regions 
undergo greater expansion during both prenatal and postnatal development.  In contrast, 
the medial occipital region (black arrow) undergoes relatively greater prenatal and 
relatively lesser postnatal expansion whereas the frontal pole (white arrow) undergoes 
relatively lesser prenatal and relatively greater postnatal expansion.  Further studies of the 
regional patterns of prenatal and postnatal cerebral development will improve our 
understanding of normal cortical development and the impact of preterm brith and/or 
injury.  
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Figures 
 
Figure 6.1.  Cortical surface reconstructions during the third trimester.  Lateral (top) and medial 
(bottom) views of cortical surface reconstructions of infants during the third trimester.  The approximate 
postmenstrual age that each infant was born (and analyzed at) is indicated above each surface.  Cortical 
surfaces are shown to scale. 
 
 
Figure 6.2.  Longitudinal intra-subject analysis.  Lateral (top) and medial (bottom) views of a fiducial 
surface reconstruction for a preterm infant at 28 weeks postmenstrual age (left), at 37 weeks postmenstrual 
age (center), and a map of cortical surface expansion between these two time points (right).  The cortical 
expansion map is displayed on the inflated surface for the 37 week reconstruction and has bee modestly 
smoothed (10x using an average neighbors smoothing algorithm 
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Appendix 
The Appendix includes MATLAB code for the first two stages of LIGASE segmentation 
method (Chapter 2).  The Seed growing stage employs the function seg4d.  The neighbor 
adjustment stage employs the function tissue_classifier_ligase_unified 
 
function seg4D=LIGASE(anat_mat,initial_pt) 
 
% Written by: Andrew Knutsen, Jason Hill 
% Developed: Spring 2006 
% Updated: July 2009 
 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%%%                             Description                            %%% 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
 
% We have developed an algorithm to segment images of premature through  
% term infants obtained using MRI. The goal of the algorithm is to 
% locate the grey matter (GM) and white matter (WM) boundary.  Briefly, the 
% algorithm works by starting with a single voxel that the user identifies 
% as WM. Then the program uses intensity information (WM probability based 
% off of histogram, local gradient, piece-wise intensity difference) to 
% determine whether the neighboring voxels are also WM. It then searches 
% again from those voxels identified as WM, and continues to grow from 
% there u ntil no neighbors are identified as WM. Note that some variables 
% within this function are specific to each anatomy volume and therefore 
% must be adjusted each time a new volume is to be segmented. This 
% algorithm assumes that the intensities of the anatomy volume have been 
% scaled from 0 to 255.   
% A more complete description of the method is available in: 
% Jason Hill, Donna Dierker, Jeffrey Neil, Terrie Inder, Andy Knutsen, John 
% Harwell, and David Van Essen. "A surface-based analysis of hemispheric 
% asymmetries and folding of cerebral cortex in term-born human infants."  
 
%%%                              Variables                              %%% 
 
% Input Variables 
% anat_mat - Anatomy volume to be segmented 
% initial_pt - Voxel within anat_mat that lies within WM 
 
% Output Variables 
% seg4D - Array of segmentation volumes generated by this algorithm 
 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
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%%%           Variables that should be changed with each use  %%% 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
 
% Mean of the distribution based on histogram. Value should be between 0  
% and 255 
 
wm_mean = 100; 
 
% User estimated lower and upper bounds of where the left hand side of the 
% distribution approaches 0 based on a histogram of intensities. _low is 
% the lower bound estimate, _high is the upper bound estimate and _step 
% determines number of estimates. Values should be whole numbers between 
% 0 and 255.  
 
wm_min_low = 50; 
wm_min_high = 60; 
wm_min_step = 10; 
 
% User estimated lower and upper bounds of where the right hand side of the 
% distribution approaches 0 based on a histogram of intensities. _low is 
% the lower bound estimate, _high is the upper bound estimate and _step 
% determines number of estimates. Values should be whole numbers between 
% 0 and 255.  
 
wm_max_low = 150; 
wm_max_high = 160; 
wm_max_step = 10; 
 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%%%                              Begin Code                             %%% 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
 
wm_mean = wm_mean/255; 
 
wm_min_low = wm_min_low/255; 
wm_min_high = wm_min_high/255; 
wm_min_step = wm_min_step/255; 
 
wm_max_low = wm_max_low/255; 
wm_max_high = wm_max_high/255; 
wm_max_step = wm_max_step/255; 
 
num_wm_min_vals = round((wm_min_high - wm_min_low)/wm_min_step) + 1; 
num_wm_max_vals = round((wm_max_high - wm_max_low)/wm_max_step) + 1; 
 
% Rescale volume intensities from 0->1 
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anat_mat = anat_mat/max(max(max(anat_mat))); 
slice = anat_mat; 
 
[imax jmax kmax]=size(slice);       
lmax = num_wm_min_vals*num_wm_max_vals;     
 
% Initialize variables 
 
seg4D = zeros(imax, jmax, kmax, lmax); 
il = 1;  
wm_min = wm_min_low; 
 
for m = 1:num_wm_min_vals 
    wm_max = wm_max_low; 
        for n = 1:num_wm_max_vals 
            
% Calculate standard deviations for both sides of probability function (for 
%assymetric distribution they are different).  
 
            sig1=sqrt(-(wm_min-wm_mean)^2/log(.1/.9)/2); 
            sig2=sqrt(-(wm_max-wm_mean)^2/log(.1/.9)/2); 
 
% Probability at 1 standard deviation (P1) and 2 (P2) 
 
            P1 = 0.5459; 
            P2 = 0.1218; 
 
            % Define global cutoff values 
 
            difference_cutoff = .12*(wm_max - wm_min); % cutoff value for local gradient 
            grad_mag_cutoff = 0.05; % cutoff value for global gradient 
 
            % Initialize variables for this iteration 
 
            seg = zeros(imax, jmax, kmax); 
x = zeros(imax*jmax*kmax,1);  
y = zeros(imax*jmax*kmax,1); 
z = zeros(imax*jmax*kmax,1); 
 
           x(1)=initial_pt(2); 
y(1)=initial_pt(1); 
z(1)=initial_pt(3); 
 
i=1; 
counter = 1; 
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% Calculate the gradient of the volume anat_mat, and scale from 0->1 
 
            [fx fy fz] = gradient(slice,1); 
            grad_mag = sqrt(fx.^2+fy.^2+fz.^2);  
grad_mag = grad_mag/max(max(max(grad_mag)));  
  
 
            % Set initial point equal to 1 
seg(x(i),y(i),z(i))=1; 
tic 
            % Start at voxel [x(i) y(i) z(i)] 
            while i<=counter 
% Check whether voxel [x(i) y(i) z(i)] is on the edge of the image volume 
           arangemin=min(1,x(i)-1); 
brangemin=min(1,y(i)-1); 
crangemin=min(1,z(i)-1); 
 
           arangemax=min(1,imax-x(i)); 
brangemax=min(1,jmax-y(i)); 
crangemax=min(1,kmax-z(i)); 
 
% Look at all neighbors of voxel [x(i) y(i) z(i)] and test whether neighbors should 
%be included in segmentation                 
 
for a=-arangemin:arangemax; 
for b=-brangemin:brangemax; 
for c=-crangemin:crangemax;                 
if seg(x(i)+a,y(i)+b,z(i)+c)>0 
 
% Voxel has already been identified as WM 
 
else 
 
% Calculate intensity difference between voxel [x(i) y(i) z(i)] and its neighbor 
%[x(i)+a y(i)+b z(i)+c] 
diff=abs(slice(x(i),y(i),z(i))-slice(x(i)+a,y(i)+b,z(i)+c)); 
                                % Gradient value at voxel [x(i)+a y(i)+b z(i)+c] 
                                grad=grad_mag(x(i)+a,y(i)+b,z(i)+c);  
 
% Check to see whether voxel neighbor intensity is above or below 
%wm_mean 
 
                                if slice(x(i)+a,y(i)+b,z(i)+c)<wm_mean % intensity < mean 
% Calculate probably value P using sig1 
P=.9*exp(-(slice(x(i)+a,y(i)+b,z(i)+c)-wm_mean)^2/(2*sig1^2)); 
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                                    if P<=P2_gm % More than 2 standard deviations from the mean                                         
if diff < difference_cutoff*.50                                             
if grad < grad_mag_cutoff*.5 
 
                                                % Include voxel in segmentation 
 
                                                  seg(x(i)+a,y(i)+b,z(i)+c)=1; 
     else 
  
% Include voxel in segmentation 
 
                                                seg(x(i)+a,y(i)+b,z(i)+c)=1; 
                                            end 
                                        else 
                                            % Do not include in segmentation volume 
                                        end 
                                    elseif P>P2 && P<=P1  
% Between 1 and 2 standard deviations from the mean                                         
                                        if diff < difference_cutoff*.75                                             
                                            if grad < grad_mag_cutoff*.5                                                 
             % Include voxel in segmentation 
                                                seg(x(i)+a,y(i)+b,z(i)+c)=1; 
                                            else 
               % Include voxel in segmentation 
                                                seg(x(i)+a,y(i)+b,z(i)+c)=1; 
                                            end 
                                        else 
% Do not include in segmentation volume 
                                        end 
                                    elseif P>P1 % Within 1 standard deviation of the mean                                         
                                        if diff < difference_cutoff*1.5                                             
                                            if grad < grad_mag_cutoff*1.5 
                                                % Include voxel in segmentation 
                                                seg(x(i)+a,y(i)+b,z(i)+c)=1; 
                                                % Add to list of voxels to search from 
                                                counter = counter+1; 
 
                                                x(counter)=x(i)+a; 
                                                y(counter)=y(i)+b; 
                                                z(counter)=z(i)+c; 
                                            else 
                                                % Include voxel in segmentation 
                                                seg(x(i)+a,y(i)+b,z(i)+c)=1;                                                 
                                            end 
                                        else 
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                                            % Include voxel in segmentation 
                                            seg(x(i)+a,y(i)+b,z(i)+c)=1; 
                                        end   
                                    end                                     
                                elseif slice(x(i)+a,y(i)+b,z(i)+c)>wm_mean % intensity > mean 
                                    % Calculate probably value P using sig2 
                                    P=.9*exp(-(slice(x(i)+a,y(i)+b,z(i)+c)-wm_mean)^2/(2*sig2^2)); 
                                    if P<=P2 % More than 2 standard deviations from the mean                                         
                                        if diff < difference_cutoff                                             
                                            if grad < grad_mag_cutoff 
                                                % Include voxel in segmentation 
                                                seg(x(i)+a,y(i)+b,z(i)+c)=1; 
                                                % Add to list of voxels to search from 
                                                counter = counter+1; 
                                                x(counter)=x(i)+a; 
                                                y(counter)=y(i)+b; 
                                                z(counter)=z(i)+c; 
                                            else 
                                                % Include voxel in segmentation 
                                                seg(x(i)+a,y(i)+b,z(i)+c)=1; 
                                            end 
                                        else 
                                            % Include voxel in segmentation 
                                            seg(x(i)+a,y(i)+b,z(i)+c)=1; 
                                        end  
                                    elseif P>P2 && P<=P1  
% Between 1 and 2 standard deviations from the mean                                         
                                        if diff < difference_cutoff*1.50                                             
                                            if grad < grad_mag_cutoff*1.50 
                                                % Include voxel in segmentation 
                                                seg(x(i)+a,y(i)+b,z(i)+c)=1; 
                                                % Add to list of voxels to search from 
                                                counter = counter+1; 
                                                x(counter)=x(i)+a; 
                                                y(counter)=y(i)+b; 
                                                z(counter)=z(i)+c; 
                                            else 
 
                                                % Include voxel in segmentation 
                                                seg(x(i)+a,y(i)+b,z(i)+c)=1; 
                                            end 
                                        else 
                                            % Include voxel in segmentation 
                                            seg(x(i)+a,y(i)+b,z(i)+c)=1; 
                                        end 
                                    elseif P>P1 % Within 1 standard deviation of the mean                                         
 195 
                                        if diff < difference_cutoff*1.5                                             
                                            if grad < grad_mag_cutoff*1.5 
                                                % Include voxel in segmentation  
                                                seg(x(i)+a,y(i)+b,z(i)+c)=1; 
                                                % Add to list of voxels to search from 
                                                counter = counter+1; 
                                                x(counter)=x(i)+a; 
                                                y(counter)=y(i)+b; 
                                                z(counter)=z(i)+c; 
                                            else 
                                                % Include voxel in segmentation 
                                                seg(x(i)+a,y(i)+b,z(i)+c)=1; 
                                            end 
                                        else 
                                            % Include voxel in segmentation 
                                            seg(x(i)+a,y(i)+b,z(i)+c)=1; 
                                        end   
                                    end 
                                end 
                            end  
                        end 
                    end 
                end 
                i=i+1; 
             end                           
            toc 
            % Assign segmentation to 4D volume 
            seg4D(:,:,:,il) = seg; 
            % Increase index for next segmentation 
            il =il+1; 
            % Use next wm_max estimate 
            wm_max = wm_max + wm_max_step;             
        end               
        % Use next wm_min estimate 
        wm_min = wm_min + wm_min_step; 
end 
 
                 
 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%%%                               End Code                                  %%% 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
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function [orig_class,reclass_tissue_mat]=tissue_classifier_ligase_unified(anat_mat, 
ligase_mat) 
 
% Written by: Jason Hill, Timothy Coalson 
% Developed: Spring 2007 
% Updated: July 2009 
 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%%%                             Description                            %%% 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
 
% The Following Code improves upon the output of the seed growing algorithm abov 
 
% A more complete description of the method is available in: 
% Jason Hill, Donna Dierker, Jeffrey Neil, Terrie Inder, Andy Knutsen, John 
% Harwell, and David Van Essen. "A surface-based analysis of hemispheric 
% asymmetries and folding of cerebral cortex in term-born human infants."  
 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%%%                               Begin Code                               %%% 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
 
tic 
%note: for highest intensity tissue, an unreasonably high maximum may help 
gm_mean = 92; 
gm_min = 68; 
gm_max = 143; 
 
wm_mean = 123; 
wm_min = 73;  
wm_max = 173; 
 
csf_mean = 186; 
csf_min = 148; 
csf_max = 255; 
 
lowmin=csf_min; 
if gm_min < lowmin 
    lowmin = gm_min; 
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end 
if wm_min < lowmin 
    lowmin = wm_min; 
end 
 
gm_sig1=sqrt(-(gm_min-gm_mean)^2/log(.1/.9)/2);% .9 is max of probability function, 
.1 is ~ value at wm_min/max 
gm_sig2=sqrt(-(gm_max-gm_mean)^2/log(.1/.9)/2); 
 
wm_sig1=sqrt(-(wm_min-wm_mean)^2/log(.1/.9)/2);% .9 is max of probability function, 
.1 is ~ value at wm_min/max 
wm_sig2=sqrt(-(wm_max-wm_mean)^2/log(.1/.9)/2); 
 
csf_sig1=sqrt(-(csf_min-csf_mean)^2/log(.1/.9)/2);% .9 is max of probability function, .1 
is ~ value at wm_min/max 
csf_sig2=sqrt(-(csf_max-csf_mean)^2/log(.1/.9)/2); 
 
[imax jmax kmax] = size(anat_mat); 
tissue_class_mat = int8(zeros(imax, jmax, kmax)); 
 
%{ 
1-ligase 
2-csf 
3-gm 
---------below values get reclassified 
4-wm 
5-wm/gm 
6-wm/csf 
7-gm/csf 
8-unknown 
---------below values ignored 
9-noise 
%} 
 
tissue_class_mat(ligase_mat>0)=1; 
 
for i=1:imax 
    for j=1:jmax 
        for k=1:kmax 
             
            %determine the gm, wm, csf probability of each voxel 
            if anat_mat(i,j,k) < gm_mean 
                P_gm = .9*exp(-(anat_mat(i,j,k) - gm_mean)^2/(2*gm_sig1^2)); 
            else 
                P_gm = .9*exp(-(anat_mat(i,j,k) - gm_mean)^2/(2*gm_sig2^2)); 
            end 
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            if anat_mat(i,j,k) < wm_mean 
                P_wm = .9*exp(-(anat_mat(i,j,k) - wm_mean)^2/(2*wm_sig1^2)); 
            else 
                P_wm = .9*exp(-(anat_mat(i,j,k) - wm_mean)^2/(2*wm_sig2^2)); 
            end 
             
            if anat_mat(i,j,k) < csf_mean 
                P_csf = .9*exp(-(anat_mat(i,j,k) - csf_mean)^2/(2*csf_sig1^2)); 
            else 
                P_csf = .9*exp(-(anat_mat(i,j,k) - csf_mean)^2/(2*csf_sig2^2)); 
            end 
            if tissue_class_mat(i,j,k) ~= 1 %dont touch ligase wm 
                %initial noise possibility, may be overruled by probabilities 
                %only valid for black or very dark noise 
                if anat_mat(i,j,k) < lowmin/2 
                    tissue_class_mat(i,j,k)=9; 
                end 
                %sort probabilities 
                if P_wm > P_gm 
                    if P_csf > P_wm %csf->wm->gm 
                        if P_csf-P_wm > .15 
                            tissue_class_mat(i,j,k)=2; 
                        elseif P_wm-P_gm > .15 
                            tissue_class_mat(i,j,k)=6; 
                        end 
                    else 
                        if P_csf > P_gm %wm->csf->gm 
                            if P_wm-P_csf > .15 
                                tissue_class_mat(i,j,k)=4; 
                            elseif P_csf-P_gm > .15 
                                tissue_class_mat(i,j,k)=6; 
                            end 
                        else %wm->gm->csf 
                            if P_wm-P_gm > .15 
                                tissue_class_mat(i,j,k)=4; 
                            elseif P_gm-P_csf > .15 
                                tissue_class_mat(i,j,k)=5; 
                            end 
                        end 
                    end 
                else 
                    if P_csf > P_gm %csf->gm->wm 
                        if P_csf-P_gm > .15 
                            tissue_class_mat(i,j,k)=2; 
                        elseif P_gm-P_wm > .15 
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                            tissue_class_mat(i,j,k)=8; 
                        end 
                    else 
                        if P_csf > P_wm %gm->csf->wm 
                            if P_gm-P_csf > .15 
                                tissue_class_mat(i,j,k)=3; 
                            elseif P_csf-P_wm > .15 
                                tissue_class_mat(i,j,k)=8; 
                            end 
                        else %gm->wm->csf 
                            if P_gm-P_wm > .15 
                                tissue_class_mat(i,j,k)=3; 
                            elseif P_wm-P_csf > .15 
                                tissue_class_mat(i,j,k)=6; 
                            end 
                        end 
                    end 
                end 
            end 
        end 
    end 
end 
tissue_class_mat(tissue_class_mat==0)=8; 
toc 
tic 
%remove all wm islands 
rmi=tissue_class_mat; 
rmi(rmi==1)=4; 
rmi=reclassify_islands2(rmi,4,8); 
tissue_class_mat(rmi==8)=8; 
clear rmi 
toc 
tic 
%find all voxels destined for reclassification 
[x,y,z]=ind2sub([imax,jmax,kmax],find(tissue_class_mat > 3 & tissue_class_mat < 9)); 
x=int16(x); 
y=int16(y); 
z=int16(z); 
pindex=length(x); 
orig_class=tissue_class_mat; 
reclass_tissue_mat = tissue_class_mat; 
tpindex = 0; 
while pindex-tpindex ~= 0  %loop until no change is made 
    tic 
    tissue_class_mat = reclass_tissue_mat; 
    tx=x; 
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    ty=y; 
    tz=z; 
    tpindex=pindex; 
    pindex=0; 
    %tic 
    for a=1:tpindex 
        i=tx(a); 
        j=ty(a); 
        k=tz(a); 
 
        %determine the gm, wm, csf probability of each voxel 
        if anat_mat(i,j,k) < gm_mean 
            P_gm = .9*exp(-(anat_mat(i,j,k) - gm_mean)^2/(2*gm_sig1^2)); 
        else 
            P_gm = .9*exp(-(anat_mat(i,j,k) - gm_mean)^2/(2*gm_sig2^2)); 
        end 
         
        if anat_mat(i,j,k) < wm_mean 
            P_wm = .9*exp(-(anat_mat(i,j,k) - wm_mean)^2/(2*wm_sig1^2)); 
        else 
            P_wm = .9*exp(-(anat_mat(i,j,k) - wm_mean)^2/(2*wm_sig2^2)); 
        end 
         
        if anat_mat(i,j,k) < csf_mean 
            P_csf = .9*exp(-(anat_mat(i,j,k) - csf_mean)^2/(2*csf_sig1^2)); 
        else 
            P_csf = .9*exp(-(anat_mat(i,j,k) - csf_mean)^2/(2*csf_sig2^2)); 
        end 
        %build a cube around the test voxel 
        iboxmin=max(1,i-1); 
        iboxmax=min(imax,i+1); 
 
        jboxmin=max(1,j-1); 
        jboxmax=min(jmax,j+1); 
        
        kboxmin=max(1,k-1); 
        kboxmax=min(kmax,k+1); 
 
        %reclassification tests 
 
        switch tissue_class_mat(i,j,k) 
        case 4 %if wm by intensity (but not ligase) 
              
            for ibox=iboxmin:iboxmax 
                for jbox=jboxmin:jboxmax     
                    for kbox=kboxmin:kboxmax 
 201 
                        switch tissue_class_mat(ibox,jbox,kbox) 
                        case 1 %wm class 
                            P_wm = P_wm + 0.05; 
                            P_csf = P_csf - 0.05; 
                        case 2 %csf 
                            P_wm = P_wm - 0.05; 
                            P_csf = P_csf + 0.05; 
                        case 3 %gm class 
                            P_gm = P_gm + 0.05; 
                        case 7 %gm/csf 
                            P_wm = P_wm - 0.05; 
                        case 9 %noise 
                            P_csf = P_csf + 0.05; 
                            P_wm = P_wm - 0.05; 
                        end 
                    end 
                end 
            end 
 
            if P_wm > 0.85 
                reclass_tissue_mat(i,j,k) = 1; %assign it as wm 
            elseif P_gm > 0.85 
                reclass_tissue_mat(i,j,k) = 3; %assign it as gm 
            elseif P_csf > 0.85 
                reclass_tissue_mat(i,j,k) = 2; %assign it as csf 
            else 
                x(pindex+1)=i;y(pindex+1)=j;z(pindex+1)=k;pindex=pindex+1; %add to new 
unclassified list 
            end 
 
        case 5 %if wm/gm 
              
            for ibox=iboxmin:iboxmax 
                for jbox=jboxmin:jboxmax     
                    for kbox=kboxmin:kboxmax 
                        switch tissue_class_mat(ibox,jbox,kbox) 
                        case 1 %wm class 
                            P_wm = P_wm + 0.05; 
                            P_csf = P_csf - 0.05; 
                        case 2 %csf 
                            P_wm = P_wm - 0.05; 
                            P_csf = P_csf + 0.05; 
                        case 3 %gm class 
                            P_gm = P_gm + 0.05; 
                        case 6 %wm/csf: wm is mid intensity, gm->csf mid gradient 
                            P_csf = P_csf + 0.05; 
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                            P_wm = P_wm - 0.05; 
                            P_gm = P_gm - 0.05; 
                        case 7 %gm/csf: gm is mid intens, ventricles and areas without gm 
                            P_csf = P_csf + 0.05; 
                            P_wm = P_wm - 0.05; 
                            P_gm = P_gm - 0.05; 
                        case 9 %noise 
                            P_csf = P_csf + 0.05; 
                            P_wm = P_wm - 0.05; 
                        end 
                    end 
                end 
            end 
 
            if P_wm > 0.85 
                reclass_tissue_mat(i,j,k) = 1; %assign it as wm 
            elseif P_gm > 0.85 
                reclass_tissue_mat(i,j,k) = 3; %assign it as gm 
            elseif P_csf > 0.85 
                reclass_tissue_mat(i,j,k) = 2; %assign it as csf 
            else 
                x(pindex+1)=i;y(pindex+1)=j;z(pindex+1)=k;pindex=pindex+1; %add to new 
unclassified list 
            end 
 
        case 6 %if wm/csf 
              
            for ibox=iboxmin:iboxmax 
                for jbox=jboxmin:jboxmax     
                    for kbox=kboxmin:kboxmax 
                        switch tissue_class_mat(ibox,jbox,kbox) 
                        case 1 %wm class 
                            P_wm = P_wm + 0.05; 
                            P_csf = P_csf - 0.05; 
                        case 2 %csf 
                            P_wm = P_wm - 0.05; 
                            P_csf = P_csf + 0.05; 
                        case 3 %gm class 
                            P_gm = P_gm + 0.05; 
                        case 5 %wm/gm: wm is mid intensity, gm->csf mid gradient 
                            P_csf = P_csf + 0.05; 
                            P_wm = P_wm - 0.05; 
                            P_gm = P_gm - 0.05; 
                        case 7 %gm/csf: csf is mid intens, wm->gm mid gradient 
                            P_csf = P_csf - 0.05; 
                            P_wm = P_wm + 0.05; 
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                        case 9 %noise 
                            P_csf = P_csf + 0.05; 
                            P_wm = P_wm - 0.05; 
                        end 
                    end 
                end 
            end 
 
            if P_wm > 0.85 
                reclass_tissue_mat(i,j,k) = 1; %assign it as wm 
            elseif P_gm > 0.85 
                reclass_tissue_mat(i,j,k) = 3; %assign it as gm 
            elseif P_csf > 0.85 
                reclass_tissue_mat(i,j,k) = 2; %assign it as csf 
            else 
                x(pindex+1)=i;y(pindex+1)=j;z(pindex+1)=k;pindex=pindex+1; %add to new 
unclassified list 
            end 
 
        case 7 %if gm/csf 
              
            for ibox=iboxmin:iboxmax 
                for jbox=jboxmin:jboxmax     
                    for kbox=kboxmin:kboxmax 
                        switch tissue_class_mat(ibox,jbox,kbox) 
                        case 1 %wm class 
                            P_wm = P_wm + 0.05; 
                            P_csf = P_csf - 0.05; 
                        case 2 %csf 
                            P_wm = P_wm - 0.05; 
                            P_csf = P_csf + 0.05; 
                        case 3 %gm class 
                            P_gm = P_gm + 0.05; 
                        case 5 %wm/gm: gm is mid intensity, wm->csf mid gradient 
                            P_csf = P_csf + 0.05; 
                            P_wm = P_wm - 0.05; 
                            P_gm = P_gm - 0.05; 
                        case 6 %wm/csf: csf is mid intens, wm->gm mid gradient 
                            P_csf = P_csf - 0.05; 
                            P_wm = P_wm - 0.05; 
                            P_gm = P_gm + 0.05; 
                        case 9 %noise 
                            P_csf = P_csf + 0.05; 
                            P_wm = P_wm - 0.05; 
                        end 
                    end 
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                end 
            end 
 
            if P_wm > 0.85 
                reclass_tissue_mat(i,j,k) = 1; %assign it as wm 
            elseif P_gm > 0.85 
                reclass_tissue_mat(i,j,k) = 3; %assign it as gm 
            elseif P_csf > 0.85 
                reclass_tissue_mat(i,j,k) = 2; %assign it as csf 
            else 
                x(pindex+1)=i;y(pindex+1)=j;z(pindex+1)=k;pindex=pindex+1; %add to new 
unclassified list 
            end 
 
        case 8 %if unknown/wm island 
              
            for ibox=iboxmin:iboxmax 
                for jbox=jboxmin:jboxmax     
                    for kbox=kboxmin:kboxmax 
                        switch tissue_class_mat(ibox,jbox,kbox) 
                        case 1 %wm class 
                            P_wm = P_wm + 0.05; 
                            P_csf = P_csf - 0.05; 
                        case 2 %csf 
                            P_wm = P_wm - 0.05; 
                            P_csf = P_csf + 0.05; 
                        case 3 %gm class 
                            P_gm = P_gm + 0.05; 
                        case 5 %wm/gm 
                            P_wm = P_wm + 0.025; 
                            P_gm = P_gm + 0.025; 
                        case 6 %wm/csf 
                            P_csf = P_csf + 0.025; 
                            P_wm = P_wm + 0.025; 
                        case 9 %noise 
                            P_csf = P_csf + 0.05; 
                            P_wm = P_wm - 0.05; 
                        end 
                    end 
                end 
            end 
 
            if P_wm > 0.85 
                reclass_tissue_mat(i,j,k) = 1; %assign it as wm 
            elseif P_gm > 0.85 
                reclass_tissue_mat(i,j,k) = 3; %assign it as gm 
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            elseif P_csf > 0.85 
                reclass_tissue_mat(i,j,k) = 2; %assign it as csf 
            else 
                x(pindex+1)=i;y(pindex+1)=j;z(pindex+1)=k;pindex=pindex+1; %add to new 
unclassified list 
            end 
 
        end 
    end 
    toc 
end 
toc 
 
 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%%%                               End Code                                  %%% 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
 
 
